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Robots, Tools, and Jobs:
Evidence from Brazilian Labor Markets

Abstract

What is the effect of robots and tools on employment and inequality? Using natural language
processing and an instrumental variable approach, we discover that robots have led to a sizable
decrease in the employment and wages of low-skill workers in operational occupations. However,
tools - machines that complement labor — have led to an equally large reinstatement of these
workers, increasing their employment and wages. Using a quantitative model, we find that the
lower prices of robots and tools over the last 20 years have reduced inequality and increased
welfare without a significant effect on employment.

JEL-Codes: J230, J240.
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1 Introduction

Technological progress has drastically reduced the cost of automation. Between 1995 and
2016, the price of industrial robots in Brazil has decreased by 40%, making automation
increasingly affordable for firms[|] This affordability has led to a surge in the adoption
of robots in various industries, causing concern among economists and policymakers as a
growing body of evidence suggests that automation may lead to job losses.

However, technological progress has not only decreased the cost of labor-saving machines,
like robots, but has also caused a rapid decrease in the cost of labor-augmenting machines,
such as tools. The price of imported power tools by Brazilian firms, for instance, has de-
creased by 20% between 1995 and 2016

In this paper, we study how robots and tools affect employment, inequality, and welfare.
We show that the drop in the price of tools has greatly softened the job losses from automa-
tion. Overall, the decrease in the price of robots and tools has led to a decrease in inequality
and an increase in welfare without a significant effect on employment.

We expand the model of |Acemoglu and Restrepo| (2020) to include tools, i.e., machines
that complement workers in their tasks, to study conceptually how robots and tools jointly
affect the labor market. In the model, firms produce by performing tasks with robots or
workers. Workers can be low-skilled, which are complements with tools, or high-skilled.
Because tools are complements to low-skill workers, a decrease in the price of tools increases
employment and decreases inequality. The degree to which robots and tools affect the labor
market will depend on particular parameters of the model, which we identify from the data.

There are two challenges in bringing the model to the data. The first challenge is iden-
tifying machines that complement versus substitute tasks done by workers. There are 535
different machines being imported by firms, making it difficult to identify their relation to
labor. The literature studying the effect of automation has addressed this challenge by lim-

iting their focus to industrial robots, minimizing misclassification errors but significantly

!The price of industrial robots is measured by their imports. |Adachi et al. (2022) and |Graetz and Michaels
(2018)) also show a sizable decrease in the international price of industrial robots.

“Power tools include chainsaw, bandsaw, angle grinders, among many others. Power tools are hand
operated equipment.



restricting the analysis scopef’

The second challenge is the need for plausible exogenous variation in the incentive to
adopt these two machine types. The imports of machines, as any other input, are affected
by shocks to the local economy. If, for instance, a demand shock led firms to increase their
demand for robots, as discussed by Bonfiglioli et al. (2020), we would not be able to tease
out the labor market effects of an increase in demand from the labor market effects of robots.

To tackle the first challenge, we classify machines as robots or tools using natural language
processing and detailed machine descriptions from administrative import data for Brazil.
Inspired by |Argente et al.| (2020), we use the text similarity of machine descriptions to
Wikipedia pages to classify machines.m A machine is labeled a robot if it is more similar to
Wikipedia articles that describe different automation technologies than to Wikipedia pages
that describe industrial tools.

Several tests support that the text-driven machine classification is reasonable. First, the
classification delivers intuitive results. The machines most associated with robots are “In-
dustrial Robots” and other numerically controlled machines. The machines most associated
with tools are an assortment of hand-operated equipment. Second, the words relevant to
the classification algorithm are those directly associated with robots, such as “automatic” or
“numeric”, or those associated with the use of tools, such as “hand” and “operate”. Third,
machines having words associated with robots, such as “automatic”, strongly increases the
probability of them being classified as such. On the other hand, having words associated
with tools, such as “tool” or “operate”, increases the probability of it being classified as a
tool. Finally, firms adopting machines classified as robots do not significantly change em-
ployment while those adopting tools significantly increase it, which is similar to what Koch
et al.| (2021) found when studying industrial robot adoption.

We solve the identification challenge by using tariff changes at the machine level as

instruments for their adoption. Tariffs affect the final price of foreign machines and are

3Industrial robots are classification number 8479 of the Harmonized System. Therefore, the literature
has focused on 0.5% of machines, which corresponds to 3% of all capital imports in 2019.

4Wikipedia pages are useful because they cover a broad set of machines containing their description and
main uses.

JArgente et al|(2020) use wikipedia pages to classify patents in different products.



unrelated to labor market ShOCkSH The identifying assumption is that changes in tariffs on
robots and tools are orthogonal to labor market shocks. There are several supporting pieces
of evidence for this assumption. First, tariffs are not correlated with past labor market
trends. Second, tariff changes do not correlate with campaign contributions. Third, tariffs
do not correlate with other relevant policies of the period such as subsidized loans or federal
procurement. These results support the idea that tariffs on machines are not correlated with
other shocks in the period.

We find that tools increase the employment and wages of low-skill workers who operate
machinery. Increasing the imports of tools by 1% would increase the employment and wages
of low-skill workers by 0.26% and 0.06%, respectively, without any effect on high-skill workers.
The effect of tools is concentrated on operation and technical workers, i.e., workers that
directly operate machinery.

Robots, on the other hand, cause large disruptions in the labor market. A 1% increase in
robot adoption decreases employment by 0.35%), an effect larger than what others previously
found['] As is the case with tools, the effect of robots is concentrated on low-skilled workers
in operational occupations. These results suggest that if the adoption of tools and robots
increase by the same amount, the effect on employment would not be statistically different
than zero.

The identified effect of robots on employment is larger than previously found due to
endogeneity in the traditional specification. The scale effect from the adoption of robots also
leads to an increase in the adoption of tools. Failing to control for tools, as it is the case
in previous work, leads to omitted variable bias. In that case, the parameter identified is
only the effect of robots net of the effect of tools. Because tools increase employment, the
estimate is upward biased.

To move from the relative effects identified in the data to aggregate effects, we build a

quantitative model calibrated to reproduce the empirical findings. Firms and workers are

ODix-Carneiro and Kovak (2017) uses similar variation to study the effect of tariffs on Brazilian labor
markets. As they discuss, tariffs in different products have changed at different rates. To isolate the effect
of tariffs on machines, we control for tariffs on the final good and other inputs of each sector.

TAcemoglu and Restrepo| (2020) finds that a 1% increase in robot adoption would decrease employment
by 0.03%. [Dauth et al.| (2021)), [Rodrigo| (2022), and |Graetz and Michaels| (2018) do not find any effect of
robots on employment.



located across regions and sectors. Firms choose between adopting robots to replace workers
or using tools to complement them. They use inputs from various sectors and sell products
domestically or internationally. There is a capital-producing sector that produces robots
and tools using final goods and imports of capital. Workers choose their skill level, region,
sector of employment, or to be outside the labor force. We calibrate key model parameters
to replicate the observed effect of robots and tools on the labor market

Reduced prices of robots and tools over the last 20 years have increased welfare and
reduced inequality without significant consequences to employment, according to the model.
Imported robot and tool prices have dropped by 38.8% and 45.9%, respectively. Employment
remained stable because increased robot adoption was counterbalanced by cheaper tools.
Lower capital costs allowed firms to cut final goods prices, boosting production and welfare.
Additionally, since tools complement low-skill workers, the skill-premium decreased by 10%.

Our main contribution is to add tools to the standard theoretical, empirical, and quanti-

tative framework studying automation, leading to new conclusions and policy implications.

\Graetz and Michaels (2018) and |Acemoglu and Restrepo| (2020) are the first papers to study

the effect of automation technologies on the labor market. They show that the increase
in automation led to a decrease in employment and wages. After their seminal work, sev-
eral economists have expanded their analysis to study the effect of automation at the firm
level (Koch et al.| (2021), [Humlum| (2021, |Acemoglu et al.| (2020), Bonfiglioli et al.| (2020),
Bessen et al| (2019)), in other countries (Adachi et al. (2022)), Rodrigo| (2022), Kugler et al.
(2020)),Cheng et al.| (2021),Cette et al.| (2021),Dauth et al. (2021))), at different educational
groups (Bonfiglioli et al.| (2020)), and on inequality (Adachi (2022)) Acemoglu and Restrepo|

(2022)),Bonfiglioli et al| (2021)). Exploiting the geographical concentration of robot pro-

duction in a few countries, several papers have used import data to measure the degree of

automation of different sectors and firms, such as [Humlum| (2021), Bonfiglioli et al.| (2020),

and Rodrigo| (2022). While the effect of automation at the firm-level is out for debate, there

is overwhelming evidence that robots decrease employment and wages at the market level.

We make several contributions to this literature. First, we add tools and worker inequal-

8The model builds on |Artug et al| (2010), Dix-Carneirol (2014), (Caliendo et al| (2019), and Kleinman|

et @029).




ity to the canonical framework of |Acemoglu and Restrepo (2020), allowing us to study how
developments in machines that complement workers on their tasks will affect the labor mar-
ket. Second, we expand the scope of the literature studying automation beyond industrial
robots by classifying machines into robots or tools using text analysis. Third, we show that
previous work has underestimated the effect of robots on the labor market by not taking
into account the associated increase in the adoption of tools.

The paper is organized as follows. Section [2| discusses the simple model. Section
discusses the data. Section M discusses the machine classification. Section [l describes the
empirical specifications and Section [ presents the empirical results. Section [7] lays out
the quantitative model. Section [§ describes the parameter estimation and Section [9] the

quantitative results. Section [10| concludes.

2 Simple Model

In this section, we study a simple model to understand how tools and robots affect the
labor market. The model generates implications of the effect of cheaper robots and tools
on the labor market that are later tested in the data. We make three contributions to
the canonical framework of |Acemoglu and Restrepo (2020)). First, we add tools, a capital
type that complement workers in their tasks. Second, we add worker heterogeneity, which
allows us to discuss inequality. Third, we find intuitive closed-form solutions by assuming a
functional form of the relative productivity of robots.

The model provides three main takeaways. First, a decrease in the price of tools increases
employment of low-skill workers due to, among others, the complementarity between low-
skill workers and tools. Second, the effect of tools on high-skill workers is uncertain because
high-skill workers and tools are substitutes. Third, an increase in the adoption of robots
increases inequality while an increase in the adoption of tools decreases it. In the next

session we test these predictions on the data.



2.1 Model Setup

Environment. There are two sectors: one with tasks that can be automated, such as man-
ufacturing, and another that cannot be easily automated, such as services. The automatable
sector contains a representative firm which performs a set of tasks to produce. Production
of each task can be performed with either robots or with workers using tools. There are two
types of workers. Low-skill workers operate tools to produce while high-skill workers manage
low-skill workers in particular tasks. Robots and tools are imported and their prices, Pg
and Pr, are exogenous)’| Wages of high and low-skill workers, wy and wy, are determined
endogenously.

Total output is an aggregate between the automatable and non-automatable sectors
v
Y—1 P—1\ p—1
Y = <YA‘” + Yy )

where Y, is production in the automatable sector, Yy is production in the non-automatable

sector, and 1 is the elasticity of substitution. We assume, as usual, that ¢ > 1.

Firms and Tasks. Output in the automatable sector is given by combining production
from a continuum of tasks v € |0, 1]@ The production function in the automatable sector

Is:
1 s =1
Vo= ([ b= a) ()
0
where y(v) is the output in task v and A is the elasticity of substitution between tasks.

Robots or Tools. Each task v can be performed either with robots or with workers using

tools:

y(v) = yr(v) +yr(v) (2)

In the quantitative model (Section [7)), we assume that part of the production of robots and tools is done
locally. For clarity, we assume that away for now.

10Tn the simple model, we assume there is a representative firm in the automatable sector. In the quanti-
tative model of Section [ﬂ we assume there are heterogeneous firms in each sector.



where yg(v) and yr(v) are the output of task v using robots or tools, respectively. The

production function of task v with robots is:

yr(v) = Zp(Wv)kr(v), (3)

where Zz(v) is the productivity of using robots in task v and kg(v) denotes the quantity of

robots. The price of robots is given by PRE Hence, the marginal cost of completing task v

Pr
Zr(v)"

Task v can also be produced using workers and tools. If task v is performed with workers,

with robots is

output is given by:

o—1

yr(v) = Zr(v) {(EH(V)) -+ ((EL(V))‘; (kT(,/))lfa> 031} o1

where Zr(v) is the productivity of using tools for task v, 1, (v) is the number of low-skilled
workers in each task, ¢y (v) is the number of high-skill workers managing workers in task
v, and kr(v) is the quantity of tools. To facilitate exposition and following a plethora of
empirical evidence, we assume that low- and high-skilled workers are substitutes: o > 1.E

We assume that low-skilled workers and tools are complements with Cobb-Douglas coef-
ficient 0. This assumption is based on the observation that most tools, such as drill presses,
mechanical lathes, welding machines, and other industrial physically intensive equipment,
are operated by low-skilled workers. Moreover, as will be clear in the empirical section, this
assumption rationalizes the positive effect of tool adoption on the employment of low-skill
workers.

If task v is produced using workers and tools, the marginal cost is given by

op  ((wm'+ (wipp )T

ZT<V) ZT(V>

HThroughout this section, we assume that both robots and tools are imported, and that the country is
a small open economy. Therefore, both robot and tool prices taken as given by domestic firms and are not
affected by domestic demand. In the quantitative model that we will introduce in Section [7} both types of
capital are produced both abroad and domestically.

12See |[Katz and Murphy| (1992), Krusell et al.[ (2000), or |Ciccone and Peril (2005).




where wy is the wage of high-skilled workers, wy, is the wage of low-skilled workers, and Prp
is the price of tools.
The marginal cost to complete task v is

o) :min{%,%}

Task Heterogeneity. Tasks are heterogeneous in the relative productivity of robots and

tools. The productivity follow a i.i.d. Fréchet distribution across tasks (v) and technologies

(0):
Fr,0)(2) = exp [—Tl X z_é} Je{R,T}.

6, the shape parameter, serves as the elasticity of substitution between technologies. 1,

the scale parameter, determines the mean relative productivity.

Expenditure Share and Production. The expenditure share on tasks performed with

technology [ € {R, T} is

™ = T’lge)l)ié —
TR(@R)_G + TT(@T)_97

where p,4 is the price index of the automatable sector and O = pR.E| The economy’s total

expenditure on the tasks performed with technology [ is:

-0 1—1p
X — 1) (pa)

 Tr(Or) ™ + Tr(O7) 0 (pa)' ™ + (px)' ™ PY,l € {R,T}, (4)

(pa)*—¥

PN the expendi-

where PY denotes the value of the economy’s total output and
ture share on the automatable sector.

Equation [ illustrates how the price of tools can affect the adoption of robots. If the

13 Artuc et al.|(2023)), a concurrent work, considers a similar assumption for the productivity of robots.

1
14~ is the Gamma constant: v = (I‘ (MT_U)) '=7. The price index of the automatable sector is pg =
1

v(ex' +er7)



price of tools goes up, i.e., Of increases, then firms replace workers and tools with robots,
decreasing the total production done with tools. The elasticity of substitution between

technologies, é, is the main parameter governing the magnitude of this effect.

Non-Automatable Sector. In the non-automatable sector, production is carried out

one-to-one with an elastically supplied exogenous factor that has unit price.[r_gl Hence,
py =1
Workers. Labor supply of both types is upward sloping and equals the following:

gL = ALU)E

where Ay and Ay are parameters that affect the levels of labor supplyE] In Section , we

provide the market clearing conditions and the equilibrium definition.

2.2 Impact of Robots and Tools on Employment

We use the model to study how changes in the prices of robots and tools affect employment

and inequality[""]

The Effect of Robot on Employment is Ambiguous. Proposition [I| summarizes the
effect of an exogenous change in the price of robots on the employment of low- and high-

skilled workers.

15A similar assumption was made by |Acemoglu and Restrepo (2018), with the only difference that their
non-automatable sector produces using labor. As our model takes into account workers with different skill
levels, we assume that the non-automatable sector relies on a factor other than labor. This assumption helps
us mitigate the confounding effects of sector labor composition on inequality and allows us to concentrate
on the impact of robots and tools. We relax this assumption in the quantitative model in Section

16For clarity of results, we assume that high- and low-skill workers have the same labor supply elasticity.
This assumption is relaxed in the quantitative model in Section

1"We leave the proofs to Section

10



Proposition 1. The effect of an exogenous increase in the price of robots is ambiguous and

given by:
T =k 1= s -0+ )
Tt — gl (1= s - v) +4] (©
where
s (€ +0)¢ -

B Alspu(1+&4+ (0 —1)8) + (1 — sp.)0(E +0)] + (E+0)(1+ &+ (00 —1)6)
B Alsrn(1+ €+ (0= 1)0) + (L—sru)d(E+ o)+ (E+o)1+E+ (0 —1)5) ~

A=1—0—(1—5)1—=0)+ |(1—s4)(1—1)) + 0| sg,

and sp g is the income share of high-skill workers in the tool bundle, sg is the expenditure
share on robots in the automatable sector, and s, is the economy’s expenditure share on the
automatable sector.

The effect of robots on employment depends on two counteracting forces: the productiv-
ity effect and the displacement effect. The productivity effect is captured by the first term in
Equations () and (6]): (1 —s4)(1—). When the price of robots falls, firms in the automat-
able sector become more productive and expand, increasing the demand for all workers. The
displacement effect, given by 6, comes from an increase the measure of tasks performed with
robots, which pushes down the demand for workers when robot prices decrease. Therefore,

the final effect of robots on employment will depend on these two counteracting forces.

Tools Increase Wage and Employment of Low-Skill Workers. When the price of

tools decrease, the demand for low-skill workers increases, according to Proposition [2| below.

Proposition 2. The effect of an increase in the price of Tools on low-skill workers is given

by
dlogl, ; sru(l—0)(€+1)
diog Py~ 71 |1 s =0 —sn) = bse+ oo vy <0 O

11



where

Bk = (1 —0)§[srulc —1) + (1 = s7,m)(§ + 0)] -0
T Alsrp(1+ &+ (0—1)68) + (1 —sra)d(€+ o)+ (L + &+ (0 —1)8) (€ + o) ’

and A is defined in Proposition[1].

When the price of tools falls, there are three forces affecting the demand for low-skilled
workers: the productivity effect, the reinstatement effect, and the complementarity effect.
All of these forces lead to an increase in the demand for low-skill workers. The first term in
Equation (7)), (1 — s4)(1 —¢)(1 — sg), captures the productivity effect. A decrease in the
price of tools increases the productivity of the automatable sector, leading to an increase in
the demand for workers. The second term in Equation , fspg, is the reinstatement effect.

If tools become cheaper, firms will perform more tasks with workers and tools, increasing the

s.a(1-0)(+1)
> st p(o—1)+(1-s1,m)(E+o

demand for low-skill workers. The third term in Equation (7)) 7, comes
from the complementarity between tools and low-skill workers. If tools become cheaper,
within the tasks already performed with tools, firms are going to use more low-skill workers
with tools instead of high-skill workers, which once again increases the demand for low-skill

workers. Therefore, a decrease in the price of tools increases employment of low-skill workers.

The Effect of Tools on High-Skill Workers is Ambiguous. The effect of an exogenous
increase in the price of tools on high-skill employment is uncertain because it depends on
a third force: the substitution effect. When the price of tools goes down, firms have the
incentive to shift their production towards tools and low-skill workers, therefore reducing

the demand for high-skill workers. This intuition is formalized on the Proposition [3| below.

Proposition 3. The effect of an increase in the price of tools on high-skill workers is given
by

dlog (y

ToaDr — BEN(1 —s4)1 =) (1 —sg) —Osg + (0 — 1) (8)

12



where

gt (1= srr)(1+8)(1 - )¢ >
T A+ €+ (0 —108) + (L —sra)dE+o)]+ (E+0)1+E+ (0 —1)5) ~

and A is defined in Proposition[1].

The terms in Equation capture the productivity, reinstatement, and substitution
effects, respectively. The first term, (1 —s4)(1 —%)(1—sg), captures the productivity effect:
if tools become cheaper the automatable sector expands, driving up the demand for high-skill
workers. The second term, fsp, is the reinstatement effect, i.e., if tools become cheaper firms
are going to reinstate workers in tasks previously done by robots. Finally, the last term is
the substitution effect, (o — 1). If the price of tools decrease, firms will use more low-skilled
workers with tools within each task done by labor. This last force reduces the demand for
high-skilled workers. Therefore, the final effect of a reduction in the price of tools on labor

is ambiguous.

Robots Increase Inequality and Tools Decrease it. A change in the price of machines
affects inequality because high- and low-skill workers have different relation to tools. When
the price of robots goes down, the demand for both worker types change. If the replacement
effect dominates the productivity effect, the demand for both worker types would goes down.
As an exercise, suppose that the wages of low- and high-skill workers fell by the same amount.
In that case, the low-skill and tool bundle would be relatively more expensive because low-
skill workers are complements to tools, whose price is fixed. Because of the complementarity
with tools, the wage of low-skill workers has to fall by more than the wages of high-skill

workers, increasing inequality. This intuition is summarized in Proposition {4| below.

Proposition 4. Suppose (1—s4)(1—)+80 > 0, a reduction (increase) in the price of robots

increases (decreases) the skill-premium, wy Jwy,:

de/’LUL

<0
dPr

Tools have the opposite effect on inequality. When the price of tools goes down, the

relative demand for low-skill workers increase because they are complements with tools. As

13



consequence, the skill-premium goes down.

Proposition 5. A reduction (increase) in the price of tools decrease (increase) the skill-

premium, wy/wy:

dU)H/’LUL

—— >0
dPr

Although robots and tools have distinct impacts on inequality, Corollary [I] demonstrates
that the adoption of either type of machine can contribute to the growth of a nation’s GDP.

Discussion. The model shows that robots and tools have different implications to em-
ployment and inequality. While robots might decrease employment and increase inequality,
tools increase employment and decrease inequality. In the following sections, we test these
predictions on the data. We identify on the particular machines which are most similar to
the model’s definition of robots and tools. Then, using data for Brazil, we study their effect

on the labor market.

3 Data

In this section, we describe the steps to create a dataset with machine imports by sector,
region, and year in Brazil. For each sector in a given region, we observe their imports of
machinery at the 4-digit HS code level[¥] On the next session, following the insights of the

model, we classify these machines into as robots or tools.

RAIS. The main source of labor force information is the administrative dataset RAIS
- Relagao Anual de Informacoes Sociais. RAIS is a matched employer-employee dataset
collected by the Brazilian Ministry of Labor. It covers the universe of formal firms. Its use

has been widespread in different areas of economics in recent years["|

18This data was also used by |de Souza, (2020). Rodrigo| (2022)) uses robot imports at the region level from
same source.

9de Souzal (2020)), Dix-Carneiro and Kovak (2019), Dix-Carneiro and Kovak| (2017),|Colonnelli and Prem
(2019) and (Colonnelli et al.| (2020) are just some of them.

14



RAIS contains data on employment, worker demographics and firm characteristics. On
employment, we observe wages, hours of work, date of hiring/firing, the establishment of
work and occupation. We also observe workers’ demographics: age, gender, education, and

race. Firms’ sector and establishment locations are also observed.

Imports. We observe monthly imports at the municipality level with data from the Sec-
retary of International Trade. The data contains all imports between 1997 and 2019 with
information on year, Harmonized System (HS) code of the imported product, product name
with a detailed description of its characteristics, city of the importing establishment, quan-
tity, and value.

We limit the sample of HS products to capital goods that have been imported at least
once by firms producing tradable goods’| The final list contains several industrial machines,
such as industrial robots or hydraulic presses, and does not contain office equipment, such
as computer or printers.

The Secretary of International Trade also records the sector of the importing firm Y] This
administrative dataset records imports by product and sector of the importing firm. This
allows us to identify the sector each machine is used without having to rely on input-output

tables. P2

Tariff We use changes in tariffs as exogenous variation to the price of machines. Tariff

data comes from the World Bank Trade Analysis Information System.

4 Machine Classification

In the data, there are 535 different capital goods imported by manufacturing firms. However,
the literature studying automation typically narrows the sample to a specific capital good:

industrial robots. This choice reduces the error of mis-classifying machine types but greatly

29The list of HS products classified as capital goods is from the Secretary of International Trade.

21To guarantee the anonymity of the firms involved, this dataset is not public.

22Products in this dataset are at the 8 digit Brazilian classification. They have the first 6 digits of the
international Harmonized System plus 2 extra digits which are specific to Mercorsur.
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limits the scope of the analysis: industrial robots correspond to only 3% of all capital imports
in 2019 in Brazil and 0.5% of machines.

To solve this issue, we propose a text based method to identify the relationship of ma-
chines to labor. We classify machines according to their text similarity to the description of
robots and tools, inspired by |Argente et al. (2020). The procedure has three steps. First,
we select a set of text that describe robots or tools. Second, we calculate the text similar-
ity between these text and the machines being imported. Third, we classify each machine
into robot or tool depending to what text the machine is most similar to. We describe the

procedure in detail below.

Reference Text. Following Argente et al. (2020), as a robot description we use all Wikipedia
articles linked to industrial robots, while for tools, we use Wikipedia articles connected to
power tools, hand tools, and cutting tools, which describe machines that complement work-
ers in their tasks. Each Wikipedia article contains a description of the machine and its main

application. In appendix |B.1.1, we provide a complete list of Wikipedia articles used.

Text Similarity. After removing stop-words and lemmatizing the documents, we calculate
the cosine text similarity between each machine description and the Wikipedia articles. The
algorithm transforms each document into a vector. Each entry in the vector represents a
word. If the document contains that word, the entry in the vector would be one and zero
otherwise. The similarity between two documents is given by the cosine distance between
the two vectors. A formal description of the method and weights used is given in appendix

B.1.2| which follows |Argente et al.| (2020) closely.

Classification. We classify machines as robots or tools according to it’s nearest Wikipedia
article. Let s;,, be the text-similarity between machine j and Wikipedia article w. The closest
Wikipedia article to j is w; = argmax,, s;,. We call j a robot if w} is a Wikipedia article

associated to automation. We call it a tool otherwise.
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4.1 Summary Statistics of Robot and Tools Imports

There are three relevant facts that, together, highlights the importance of tools among firms

in Brazil.

Imports of tools are 10-times larger than imports of robots. Figure ?? shows
statistics of robots and tools imports in Brazil. Figure [I| shows that imports of tools are
10-times larger than those of robots, with both being strongly correlated overtime. The high
degree of correlation between these two capital types shows the necessity for two instruments
to tease out the effect of one apart from the other.

Figure 1: Robot and Tool Adoption over Time
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Description: This figure shows statistics of robots and tools imports. Figure [I| shows the total imports of HS capital
classified as robots or tools in real 2010 dollars.
Robot adoption is concentrated in a few sectors while tools are common in all
sectors. Figure [2 shows the distribution of robot and tools imports across sectors. Tools
are common in most sector while robots are concentrated on the production of transportation

and electrical equipment.

Robots and tools have become cheaper over time. Figure |3[shows the average price
of robots and tools overtime. Since 1998, their price have decreased 71% and 53%, respec-

tively, explaining the large increase in the adoption of robots and tools.
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Figure 2: Robot and Tool Adoption by Sector
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Description: This figure shows statistics of robots and tools imports. Figure |Z| shows the imports of robots and tools in 2010
by large sector.

4.2 Validation of Machine Classification

We validate the text-driven machine classification through an extensive number of exer-
cises. First, the classification delivers intuitive results. The machines most associated with
robots are "Industrial Robots” and other numerically controlled machines. The ones most
associated with tools are an assortment of hand-operated equipment. Second, the words
relevant to the classification algorithm are those directly associated with robots, such as
“automatic”, "robotic”, ”control” or "numerical”, or those associated with the use of tools,
such as "tool”, "operate”, "handle”, and "hand”. Third, machines having words associated
with robots, such as "automatic”, strongly increases the probability of them being classified
as such. While having words associated with tools, such as "tool” or ”"operate”, increases
the probability of it being classified as a tool. Finally, firms adopting machines classified as
robots do not change employment, which is similar to what |Koch et al.| (2021]) found when

studying industrial robot adoption.

Relevant Machines. If a machine is highly associated with the description of robots or
tools, it should be easy for the human eye to make this inference. This is why in Table (1| we
show the top 5 machines with the highest similarity to tools or robots.

The machines most associated with robots are ”Industrial robots” itself, numerically con-
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Figure 3: Robot and Tool Adoption by Sector

300
Il

Price
200
1

100
1

e

1998 2000 2002 2004 2006 2008 2010 2012 2014
Year

Description: This figure shows statistics of robots and tools imports. Figure shows the price of robots and tools. The price
is calculate by dividing total imports by total weight.

Average Price of Tool Average Price of Robot |

Table 1: Machines with Highest Association to Robots and Tools

Rank  Product Code Description

Panel A. Robots

1 847950 Industrial robots

2 842611 Overhead travelling cranes on fixed support

3 846021 Grinding machines, for working metal, in which the positioning in any one axis can be set up to an accuracy of at least 0.01 mm, numerically controlled
4 845811 Horizontal lathes, incl. turning centres, for removing metal, numerically controlled

5 842890 Machinery for lifting, handling, loading or unloading
Panel B. Tools

1 846320 Thread rolling machines, for working metal

2 820530 Planes, chisels, gouges and similar cutting tools for working wood

3 820510 Hand-operated drilling, threading or tapping hand tools

4 820411 Hand-operated spanners and wrenches, incl. torque meter wrenches, of base metal, non-adjustable
5 820412 Hand-operated spanners and wrenches, incl. torque meter wrenches, of base metal, adjustable

Description: Pancl A shows the top 5 HS product codes with highest similarity to robots. Pancl B shows the top 5 HS product codes with highest similarity to tools. Column 1 shows their ranking, column 2 their HS product code and column 3 their shortened description

trolled machines, or those that lift or move objects, such as traveling cranes. This result
aligns with previous literature studying automation. Boustan et al. (2022)) found that nu-
merically controlled machines replace less educated workers performing routine tasks, like
industrial robots do. |Acemoglu and Restrepo, (2019) argues that numerically controlled
machines, as much as industrial robots, are part of the automation process replacing tasks
done by workers. As for machines that lift and move objects, |Adachi (2022) notes that
some industrial robots specialize in tasks like "picking alignment, packaging, and material
handling,” which are also carried out by overhead cranes and other lifting machinery.
Panel B of Table |1 shows the top 5 machines with the highest similarity to tools. Most

of them are hand operated and used to work with wood or metal [

23A thread rolling machine is a machine tool that performs threading in metal. It is commonly used in
the production of bolts, nuts, and screws. It usually requires at least one operator per machine.
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Words Driving Classification. What words distinguish robots from tools? Are they
associated with the nature of automation and equipment handling? Perhaps the algorithm
uses counterintuitive words to classify machines?] In this subsection we show that the key

words used to classify machines are related to automation or the handling of equipment.
Figure 4: Distribution of Words Among Machines Classified as Robots or Tools

(a) Common Words Among Tools (b) Common Words Among Robots
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Description: These figures display the distribution of most common words among HS 6-digit products classified as tools or as robots.

Figure [4a] shows the distribution of words among machines classified as tools. The most
common words are either an action performed by a human, i.e., use”, ”cut”, "handle”, or
"make”, a tool itself, i.e., "hammer”, "wrench”, or "blade”, or the word "hand”. Figure
shows the most common words among robots. Some of these words, such as ”process”,
“automatic”, and ”control”, are directly associated with automation. Other words, such as
"unit”, "datum”, "metal” and "gas”, appear often among robot machines because they are
always followed by ”automatic” or "numerical control” E|

Figure [5| shows the importance of words associated with robots or tools to the classifica-
tion algorithm. We calculate that in two steps. First, we select a set of words associated with

tools and robots. For robots, we pick the words: ”automatic”, "numeric”, ”control”, "robot”

24For instance, if some Wikipedia article describes an industrial robot as being ”electric machines made
of steel”, the algorithm could use ”electric” or ”steel” to distinguish robots from tools. If that is the case,
we should consider the method a failure because these words do not seem associated with the nature of
automation.

25For instance, HS code 844331 ”Machines which perform two or more of the functions of printing, copying
or facsimile transmission, capable of connecting to an automatic data processing machine or to a network”
and HS code 847149 ”Data-processing machines, automatic, presented in the form of systems comprising at
least a central processing unit, one input unit and one output unit (excl. portable weighing j= 10 kg and
excl. peripheral units)”.
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Figure 5: Importance of Different Words to the Machine Classification
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Description: These figures show the importance of different words to the classification algorithm. To calculate that, first we select a set of

words related to robots and a set of words related to tools. Robot words are ”automatic”, "numeric”, ”control”, "robot” and ”program”. Tool

words are “tool”, "hand”, "use”, "handle”, and ”instrument”. Then, we remove words associated to robot or tools from the vocabulary and run
the classification algorithm. The figures plot 1 minus the correlation between the classification without a selection of words and the baseline
classification. The larger one minus the correlation, the more important that group of words is to the final classification. As a comparison group,
we randomly select 5 words on the vocabulary 30 times and plot their correlation under ”control words”. Figurcrcpcats this exercise for each
robot and tool related word.

and "program”. For tools we use "tool”, "hand”, "use”, "handle”, and ”instrument”. Then,
we remove each set of words from the vocabulary, run the algorithm to classify machines,
and calculate the correlation between the classification with the full vocabulary and the one
without the selected words. In Figure |5 we plot one minus the correlation. If this number is
high, it means that removing that word generates a very different classification which has a
small correlation with the previous one. If it is small, the word removed from the vocabulary
does not play an important role. As a reference point, we randomly draw 5 words from the
vocabulary 30 times and average the final correlation.

According to Figure |5, words intuitively associated with automation or the handling of
equipment are key for the classification algorithm. Figure [5al shows that, as expected, words
associated with robots and tools are relevant to the machine classification. Figure |5b| shows
that the words ”automatic” and ”tool” are the most important for the machine classification.

Table ?? in the appendix shows the effect of different words on the probability that a
machine is classified as robots. Words associated with automation have a strong effect on
the probability of a machine being classified as robot. Words associated with tools, such as
"hand” and "instrument”, have a negative effect but non-significant effect on the probability

of a machine being classified as robot.
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Firm-Level Event Studies. In Section[B.1.4] following Koch et al| (2021)), we implement
a matched differences-in-differences to understand the correlation of machine adoption with
employment at the firm-level. We find that the adoption of robots does not correlate with
firm-level employment, as Koch et al.| (2021) has found when studying industrial robots.
This result suggests that the machines classified as robots affect employment similarly to the

industrial robots.

5 Empirics

5.1 Second Stage

Our main specification is
Alog(yrsi) = 6 A log (robots, s) + 67 Alog (tools,st) + X;s’t@ + por + pos + e+ €rse (9)

The left hand side, Alog(y,s:) = 10g(yrst) — 10g(Yrsi—5), is the 5-years difference in the
log of labor market outcome y, , of region r, sector s and year t. robots, s, is one plus the
imports in dollars of robots in the past 5-years. Therefore, Alog (robots, ;) is the growth
rate in the imports of robots by region r, sector s, and year t. Equivalently, log (tools, ) is
approximately the growth rate in the imports of tools. X, ; is a set of controls. m - and
11 are, respective, region and sector fixed effects. Because the model is already in difference,
these fixed effects capture potential differential trends between regions and sectors. p; is a
time fixed effect.

We use a long-difference model because machine investments are lumpy and labor takes
time to adjust. Capital goods are durable, firms don’t repeatedly purchase them. Therefore,
the estimates in a year-by-year regression would have large variance due to spikes in capital
investments. On top of that, machine investments should slowly affect the labor market. To

account for these two facts, we use a long-difference model.

26The controls are the growth rate of variable y, s, in the pre-period, which captures potential labor
market trends, the tariff change on sectoral output, and the tariff change on inputs excluding capital.
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5.2 First Stage

Identifying the causal effect of robots and tools requires an instrument. In the absence of
exogenous variation, we would not be able to tease apart the effect of local labor market
shocks from the effect of each machine type. For instance, if a sectoral preference shock
increases the demand for a sector it should increase capital investments and labor demand.
Without an instrument, we would not be able to tell apart the effect of, say, tools, and the
demand shock. Local labor market shocks could generate the same problem. If firms decide
to use robots machines because labor became more expensive in that region, we would not
be able to tell apart the effect of the labor market shock from the robots. Therefore, we
need two instruments to identify the causal effect of each machine type.

We use tariff changes in machines as an instrument for their adoption. Tariffs satisfy the
two requirements for instrumental variables: 1) they affect the incentives to purchase each
one of the machines and 2) they do not affect local labor markets directly, only through
cheaper machines. As discussed by Dix-Carneiro and Kovak (2017) and Dix-Carneiro and
Kovak (2019), Brazil has started a period of opening since the late 80s. Tariff changes in
this period are driven by differences in tariffs starting point rather than current shocks to
the Brazilian economy. Tariffs affect the after-tax price of machines, generating incentives
for their purchase, but they do not correlate with other changes in the economy. We show
below that tariffs do not correlate with political connections to the government, to other
policies implemented in the period, nor with pre-period labor market trends, or other labor
market shocks [*']

Following previous work, we also explore heterogeneity in the market response to changes
in the prices of tools and robots to construct the instrument. According to |Acemoglu and
Restrepol (2020) and (Graetz and Michaels (2018), robots are more likely to replace workers
doing routine intensive tasks. Therefore, markets with more workers in routine intensive

jobs should respond more to changes in robot tariffs. Following this principle, we use as

2"In appendix ??, we show a set of statistics about tariff changes in the period of analysis.
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instrument 29

Jyrobots — ope Replaceable, ;o X Tft (10

r,8,t

where Shr. Replaceable, , , is the share of workers in occupations in the highest quartile of
routine task content and Tﬁ is the tariff on imports of robots of sector s at time ¢t weighted
by pre-period trade flows. Similarly, we construct the instrument for tools:

J\/tools — (1 — Shr. Replaceablem,o) X TsT,t (11)

7,8,t

where 7]} is the tariff on tools. The first stage is

Alog(robots, s ;) = T 1 ATV, 4 o ATV XAS’tHl + for s + fi + €t (12)

r,8,t 7,8,t

Alog(tools, s ;) = mo ATVt 4 @,QAmfgfgs + X o+ fir + s+ p + €5y (13)

r,8,t

where Alog(robots, s ;) and Alog(tools, s ;) are the 5 year difference in robot and tools imports,
respectively, as discussed before. IV7%% and IV are the instruments for tools and robots.

r,8,t r,8,t

X5+ 1s the same set of controls as before.

5.3 Validation

To validate the identification strategy, we show that the adoption of machines generated
by tariff changes does not correlate with political connections to the government, to other
policies implemented in the period, pre-period trends, or other shocks hitting the Brazilian

economy.

Political Connections and Other Policies. If the effect of tariffs on machines adoption
correlates with the exposure to other policies, we would not be able to tease-out the effect
of machine adoption from the effect of these other policies. Table 7?7 on the appendix shows

estimates of equation [ on the major policies implemented in the period of analysis. It

28Gimilar approach was used by |Graetz and Michaels (2018), Bonfiglioli et al. (2020), and |Acemoglu and
Restrepo| (2022)) just to name a few.
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shows that machine adoption do not correlate with subsidized loans, public procurements,

or campaign contribution.

Pre-period Trends. If changes in tariffs correlates with pre-period trends in the labor
market, we would not be able to tease-apart the effect of tariffs from the changes from already
existing trends in the labor market. Table ?? shows that tariff changes do not correlate with

pre-period trends in the labor market.

Other Shocks. The commodity boom happened in our period of analysis. To make sure
that results are not driven by it, Table [B.2] show that the instrument and tariff changes
do not correlate with changes in export prices, import prices, or competition with Chinese

exports.

6 Empirical Results

In this section, we discuss the effect of robots and tools on the labor market. We first show that our
instrument is strongly associated to the adoption of robot and tools. Moreover, while robots
have a strong negative effect on employment, tools have an impact with a similar magnitude
but opposite direction. Therefore, if the adoption of these machines increase by the same
amount, the effect on employment would be null. Finally, we show that the effect of robots
and tools is concentrated among low education production workers in occupations directly

associated to machine operation.

Significant First-Stage with Large Cross-Elasticities. Table 2 displays the instru-
ment’s impact on robot and tool adoption. In the baseline specification, an increase in the
robot or tool instrument by one standard deviation reduces their imports by 14.2% and
8.8%, respectively. The F-statistics for all specifications are well above 10, dismissing weak

instruments 2

29Tables and show that the instrument is associated with less imports in different functional forms.
Table [B.5] shows that it led to a decrease in the probability of importing at least one tool or robot. Table
[B.4] uses inverse hyperbolic sine to show that an increase in the instrument causes a decrease in the import
of robots or tools.
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Table [2| also reviews strong cross elasticities, showing the necessity of considering robots
and tools jointly. Raising tariffs on robots reduces the adoption of both robots and tools.
Hence, omitting tools from the main specification, as commonly done in most of the litera-
ture, would not provide the causal effect of robots. Instead, it would identify the effect of

robots net of changes in tools.

Table 2: First Stage: Effect of Instrument on the Adoption of Robots and Tools

(1) (2) (3) (4) () (6)
Alog(robots)  Alog(robots) Alog(robots) Alog(tools) Alog(tools) Alog(tools)
AJVtools 0.0160*** 0.0101** 0.0156%** -0.0225%**  _0.0342%*F*F  -0.0261***
(0.00406) (0.00403) (0.00418)  (0.00729)  (0.00716)  (0.00749)
AV robots -0.195%** -0.1971%** -0.2117%%* -0.2971%** -0.284%** -0.308***
(0.0161) (0.0151) (0.0167) (0.0162)  (0.0152)  (0.0174)
Specification  Sector FE Baseline Market FE Sector FE Baseline Market FE
N 201064 201063 201043 201064 201063 201043
R? 0.312 0.334 0.384 0.509 0.534 0.560
F 136.8 140.7 172.1 116.8 126.7 144.8

Description: This table shows the coefficients of the first stage, i.c., regressions [L2]and 1Vtools i the interaction between the share of non-replaceable
occupations and tariffs on tools of each sector. IV"°P9%S i the interaction between the share of replaceable occupations and tariffs on robots of each sector. robots
and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. All specifications have
as controls the growth rate of employment between 93 and 97, the tariff change on sectoral output, the tariff change on inputs excluding capital, and year fixed
effect. Columns 1 and 4 add a sector fixed effect, column 2 and 5 have sector and region fixed effects, column 3 and 6 have sector-region fixed effects. Standard
errors are clustered at the region-sector level.

Robots decrease employment. Table [3|shows the effect of robots and tools on employ-
ment. Regardless of the set of controls used, robots cause a strong decline in employment,
diverging from previous literature. On the main specification in column 5, an increase in the
adoption of robots by 1% drives a decrease in employment by 0.35%.

Controlling for tools is paramount to identifying the effect of robots. Because changes
in the price of robots also lead to an increase in the adoption of tools, not controlling for
tools would lead to an omitted variable bias. Masking the true effect of robots. Tables
and in the appendix show the estimated effect of robots without controlling for tools,
instrumenting robots only with the main instrument in . The effect of robots in Table
[B.7] is insignificant and similar in magnitude to other estimates in the literature, such as
the ones found by Acemoglu and Restrepo| (2020), Dauth et al.| (2021)), Rodrigo, (2022), and
Graetz and Michaels| (2018]), among others. As seen in table , increases in the price of
robots are negatively associated with the adoption of tools. Therefore, not controlling for

tools results in an upward-biased estimate.
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Table 3: Effect of Tools and Robots on Employment

o) ) ®) @ ® ©
Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment)
Alog(tools) 0.638** 0.510** 0.366%** 0.230%** 0.220%** 0.229%**
(0.264) (0.242) (0.133) (0.0615) (0.0557) (0.0560)
Alog(robots) -0.526** -0.413%* -0.269%** -0.368*** -0.351%%* -0.306%**
(0.216) (0.196) (0.0992) (0.0910) (0.0860) (0.0826)
Specification No Controls Controls Region FE Sector FE Baseline Market FE

N 236697 201064 201063 201064 201063 201043

Jand[I] robots and
xed effect. Column
mn 4 adds sector FE

h rate of employment
ncludes as controls the baseli

Instrumenting robot adoption with robot imports from other countries while ignoring
tools, a prevalent method, once again biases the estimates. Robot imports by other countries
correlate with local tool adoption, according to Section of the appendix. Therefore,
when tools are not controlled for, one only identifies the effect of robots net of tools. Because
we control for the confounding effect of tools, we identify a stronger effect of robot adoption

on employment than previously found.

Tools increase employment by as much as Robots decreases it. Table[3|also teaches
that tools affect employment: increasing the adoption of tools by 1% increases employment
by 0.2%. Columns 1 to 6 show that the estimate is robust to different specifications, with
the elasticity ranging from 0.6 to 0.2.

Tools increase employment at the same rate that robots decrease it. Therefore, if the
adoption of these two machines increases by the same amount, the net effect on employment

will not be statistically different from zero.

Robots and Tools only affect low-skill workers directly using Tools. According
to Table , robots and tools primarily affect low-skilled workers. A 1% increase in robot
adoption decreases the employment and wages of workers with less than high-school by 0.4%
and 0.1%, respectively, with no significant effect on other educational groups. As before,
tools increase the employment of low-skilled workers as much as robots decrease it.

Table 5| shows that the effect of robots and tools is concentrated among workers directly
operating them, i.e., operation or technical workers. The first column shows the effect on
science professionals, which include engineers, chemists, and other STEAM college gradu-

ates. Column two shows the effect of machines on technical workers, i.e., workers in areas
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Table 4: Effect of Tools and Robots on Different Educational Groups

(1) @) 3) (4) (5) (6)
Alog(H.S. Drop.) Alog(Earnings H.S. Drop.) Alog(H.S. Complete) Alog(Earnings H.S. Complete) Alog(College or More)  Alog(Earnings College or More)

Alog(tools) 0.262%7% 0.0670%%% 0.0334 00111 0.0203 0.00479
(0.0609) (0.0173) (0.0498) (0.0204) (0.0490) (0.0262)

Alog(robots) -0.422%%% -0.100%%* 0.00477 -0.0141 -0.0296 0.00185
(0.0902) (0.0253) (0.0614) (0.0244) (0.0483) (0.0252)
191637 191637 114198 114198 74891 74891

Table 5: Effect of Tools and Robots on Different Occupations

(1) 2) ®3) (5) (6)
Alog(Managers) Alog(HS Professionals)  Alog(Technical Workers) Alog(Adm Workers) Alog(Operation Workers)
Alog(tools) -0.0626 -0.0152 0.254%** 0.0230 0.336%**
(0.0632) (0.0648) (0.0610) (0.0514) (0.0808)
Alog(robots) 0.0851 0.0316 -0.166%** 0.0162 -0.281%%*
(0.0562) (0.0459) (0.0557) (0.0642) (0.0087)
N 46058 20096 71850 132271 146862

Description: This table shows the of regression on I of different occupations. Alog(tools) and Alog(robots) are instrumented by the interaction of tariff changes with the share of replaceable
occupations, as defined in[[0Jand robots and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years. The controls are the growth rate of the left hand side variable between 93 and 97,
tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed effect, region fixed effect, and sector fixed cffect. Standard errors are clustered at the region-sector level

associated with STEAM but that don’t have a college degree. These include mechatronics,
chemistry, electronic technicians, among many others. 62.8% of these workers, despite having
technical skills, have not finished high school. Column 3 shows the effect on administrative

and office workers. The last column shows the effect of machines on operation workers.

6.1 Robustness

The main empirical results is that Robot decrease employment of low-skill operation workers
but Tools increase it in similar magnitude. In this section we show that this conclusion is
robust to alternative identification strategies, to the removal of outliers, to the addition of
controls, and to limiting the sample to machines with higher text similarity to robots or

tools.

Tariff as Instruments. In Section [B.3.2] we reproduce the main regressions but using
only using tariff variation as instrument. We still reach the same conclusion: robots decrease

employment of low-skill operation workers but tools increase it by equal magnitude.

Import by Other Countries as Instruments. In Section [B.3.1] inspired by |Acemoglu

and Restrepo| (2020), Dauth et al.| (2021), among others, we use as instruments the imports
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of robots and tools by the US and Europe. We still find that tools increase employment of

low-skill workers while tools decreases it.

Outliers. It could be the case that results are driven by specific outliers on the sample. To
access if that is the case, in Section in the appendix we repeat the main regressions but
removing markets on the top and bottom 0.1% and 0.5% change in employment outcomes.
We still reach the same conclusion that Robots decrease employment of low-skill operation

workers while tools increase it.

Controls. In Tables to [B.25] we show that the results are robust to adding or re-
moving controls. We try three different specifications. First, we remove region and sector
fixed effect, which capture regional and sectoral trends. Second, we only add sector fixed
effect. Third, we control for joint sector-region fixed effect, which control for market specific
trends. We still find that low-skill workers directly operating machines are more affected by

both robots and tools.

Higher Degree of Text Similarity. The text similarity to the description of robots or
tools are, most likely, a noise measure of the true nature of the machine. Moreover, its
possible that not all machines fall into these two classifications. To deal with that, Section
7?7 show the main results restricting the sample to the set of machines that have cosine text
similarity above the median. We still find that robots machines decrease employment while

labor-agumenting ones increases it.

7 Quantitative Model

From the empirical section, we learned that tools increase employment and decrease inequal-
ity. Robots, on the other hand, increase inequality and decrease employment. These results
reveal a trade-off between inequality and productivity. Increased robot adoption increases
productivity but also lead to higher inequality. A government concerned with redistribution
might be interested to either tax robots, as in|Beraja and Zorzi (2022), or subsidize the adop-

tion of tools. In this section, we develop a quantitative model of robots and tools with capital
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accumulation, input-output, international trade, and regions to derive counterfactuals on the
aggregate effect of robots and tools.

The main channel in the quantitative model is the choice that firms make between robots,
which replace workers, or tools, which complement them. To interpret the empirical elasticity
and capture important elements of the economy, we add other features to the model. There
are multiple regions and sectors, allowing us to reproduce in the model the empirical strategy.
Firms are heterogeneous on their productivity to use different technologies and to employ
different type of workers, capturing selection into technology types. Firms use inputs from
other sectors and export their output to other countries, added to the model to better
capture the scale effect.m The economy has local production and imports of robots and
tools. Households choose their sector and region of employment, accumulate capital which

is rented to firms, and make educational choices.

7.1 Demographics

There are n € {1,..., N} regions and s € {1, ..., S} sectors. We denote workers in sector S+ 1
as out of the labor force. There are 6 agents in the economy: intermediate goods producer,
composite goods producer, capital producer, capitalists, workers and the government. In-
termediate goods producer produce using high-skill workers, low-skill workers, tools, robots,
and inputs from other sectors. Composite goods producer create final goods aggregating
local production with imports from all other countries. Capital producer produces tools and
robots using final goods and imported capital. Capitalists accumulate capital from capital
producer and rent it to firms to maximize their life-time utility. Workers choose their region
and sector of employment. At the beginning of their life, they choose whether to become
high-skilled or low-skilled. The government taxes labor, rents, profits, and imports. It also

provides provide social security to workers outside of the labor-force.

30Input-output connections is a key feature to understand the effect of robots and tools for two reasons.
First, as Figure in the appendix shows, robot adoption is more common among downstream sectors
while tools are scattered over sectors. Therefore, changes in the price of robots and tools will have different
propagation through the economy. Second, input-output connections and international trade are important
to understand the productivity effect, which measures how the adoption of robot and tool affects the market
size of firms and sectors.
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7.2 Intermediate Goods Producer

Production Function with Input-Output Connections. Firms perform a set of tasks

and use inputs from other sectors to produce. Output of firm ¢ in region n and sector s is:

SS/

(i) = Li ([ ™ o) ] I o) (14)

s'=1

where, similar to the simple model, y?(i,) denotes the firm’s output of task v. A\ is the
elasticity of substitution between tasks. M?*'(i) denotes the quantity of sector s’ composite
goods used by the firm. ~° denotes the value-added share in the firms gross output and

7% denotes the input-output shares. Firm production is constant return to scale: ~° +

Zf’:1 755( =L
Robots or Tools. Task v can be performed with robots or tools and workers:

un (i, v) =y (0, v) + yy" (i), (15)
If firm 7 performs task v with robots the production function is:

(i, v) = Z3" (i, v) Ky (i, v),

where K>T(i,v) is robot capital and Z5%(i,v) is the productivity of firm ¢ on producing
with robots task v.

If firm ¢ performs task v with tools, the task production function is:
o—1 o=175-1
Wi (i v) = 25w [ (6, 0) T (G KT ) ) ]

where £ (i, v) is the number of high-skill workers, £5L (i, v) is the number of low-skill work-
ers, and K57 (i,v) is the amount of tool capital. Z5T(i,v) is the productivity of tools for
firm i, in sector s, region n in task v. A% (i) is the high-skill biased productivity of firm 4,

which captures that some firms are more productive in with high-skill workers.
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Firm Heterogeneity. Firms are heterogeneous on the productivity of using robots, Z2 (i, v),
tools, Z5T(i,v), and high-skill workers, A% (i). We assume that Z*!(i,v),l € {R,T} fol-
lows a Fréchet distribution i.i.d. across regions (n), sectors (s), firms (i), tasks (v), and

technologies (1):
Fyei,)(2) = exp —T3 (i) x z_é] :

We normalize 757 (i) = 1 and assume that A3 (i) and T (i) follows a joint log-normal

distribution (see Section |C.2)).

7.3 Sectoral Production and Goods Trade

Sectoral Aggregates. Output at the region-sector level combines the output of firms with

elasticity of substitution 6:

NS
v = A7 ( / [yi(i)]edi) |
0

where AP denotes region-sector level productivity.

Imports, Regional Trade, and Composite Goods. Region-sector composite goods
combine the same sector’s output from all domestic regions and abroad with elasticity of

substitution €, which is also the trade elasticity ]

N+1 ) eS—1
s s 55—;1
Qn = [Z(ynn’) € ] )

n'=1

where n’ = N + 1 indicates the international market. Inter-region trade and importing incur

s
nn'’

a trade cost, h and importers pay tariffs to the Brazilian government at rate 7°. Denote

t* = 1+7°. Including the foreign price p3,; in the importing cost, h; v, ;. Hence, composite

31These assumptions for sectoral production and trade are standard in the international trade literature.
See [Caliendo et al.| (2019), among others.
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goods price is:

N
(P =D 0ihi) ™+ (gt

n/=1

where p; is the price of sector s region n sectoral output.

7.4 Capital Goods Sector

In the capital goods sector, there are two types of agents: capital producers and capitalists.
Capital goods are produced by the capital producer using domestic final goods and im-
ported capital. Capitalists are responsible for making inter-temporal investment decisions.

Capitalists own capital producers and capital. Capital is them rented to ﬁrms@

Capital Producers. Every region-sector has a robot and tool producer. Production of
these goods combine domestic final goods with imported capital. The production of in-
vestment, goods is decreasing return to scale.ﬁ The problem of a capital producer of good

1€ {R,T} is:

s,,P __ psilysl _ ss)l s,l
ma [ = PRt = 3G, (16)
n

st I3 = (M) € e (0,1)

1

1—e\ 1-d
22=([Pn]1El+[h2’§v+1(1+f&l)] > :

where M3! is a composite good combining domestic final goods and import of capital I,
€ € (0,1) is the degree of decreasing returns to scale, P> is the price of capital good I, X!
is the cost index. Denote t*! = 1 + 7%, ¢ denotes the elasticity of substitution between
domestic final goods and imported capital goods, which is also the trade elasticity for capital

goods.

32This setup follows the literature that studies the adjustment cost of capital, for example, |Cooper and
Haltiwanger| (2006).
33We add decreasing returns to scale in capital production to insure that an equilibrium always exists.
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Capitalists and Dynamic Problem. Capitalists accumulate capital from capital pro-
ducer to maximize their lifetime utility. Each region-sector has a capitalist that invests in

robot and tool capital. Their problem is given by:

max Y f'log(Cy), L € {R. T} (17)
’

st Kot = (1 0Ky + I,

PoCriy = (1= BY(RLK = PUI + ),

Rfl’vlth indicates the capitalist’s rental income and I1%! the profit of capital producers, which
is owned by capitalists. A fraction of it is spent on investment, P,f:i]t, and the rest is devoted

to the consumption of local final goods after paying the social insurance tax at a rate of B.

7.5 Workers

Demographics, Sectoral, and Regional Choice. There are two types of workers: high-
skilled and low-skilled. In each period, a worker selects their next period’s region and sector.
Workers can also choose to stay outside the labor market and receive social insurance.

To accommodate adjustments in the supply of skills, we assume that with probability ¢#
a high-skill worker dies, similarly for low-skill workers with probability ¢(¥. The dead worker
is replaced with an entrant in the same region-sector who decides whether to become a high-

or low-skilled worker.

Worker’s Dynamic Problem. Building on |Artug et al,| (2010), |Caliendo et al. (2019)),
Kleinman et al. (2023)), among others, we assume that a worker of type e has the following

recursive utility:
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e _ {6E<Vsle >_ es/e}’ H,L,
me = 108(ung) + n'e{1,2,...,NI}r,lsE}é<{1,...,S,S+1} ¢ Ok th1) TR P p e €4 }

/

S ss’ e a®
where v’} = max_a, H Cn’t/ s.t. Z ¢ — (1 — B) w5 (18)
) {O99 e} as

where Vii is the value function of a worker in region n, sector s, education e, and time t.

The worker chooses their location next period, n’, sector, s’, and consumption of sectoral
goods, {Cfftl ’e}. o and a,§ are parameters of the utility function representing the sectoral
consumption shares and consumption shifters. /a; .+ 1s the mobility cost from region n, sector
s to region n', sector ', en,”t is a preference shock for regions and sectors following a Type-I
extreme value distribution i.i.d. across regions, sectors, and timeﬂ The income of a worker
in the outside sector equals to the social insurance payment: ws+1 “=b.

Define v,); = E { }Vi’j. Using the extreme value distribution’s property, the expected

region-sector-type value function equals:

N S+1
vyt = log(ay, )+log(1—B)+log( )+ p° logZZexp A Bus e i Zift)l/pe,ee{H,L}.

n'=1s=1

(19)

Human Capital Choice. To account for changes in the supply of workers as consequence
of changes in the price of tools and robots, we assume that exits are replaced by entrants
who choose their skill type. At the end of period ¢, (¢ workers die and are replaced with
entrants. These entrants are at the same sector and region of the ones exiting and choose

their skill level for the next period. Their problem is given by:

max{ﬁvff, f +p€nt 76Unt +p€nt} (20)

where f denotes the fixed cost of becoming high-skilled and € €, is a preference shock that

is i.i.d. across regions, sectors, time, and skill types.ﬁ

34F(€) = exp(exp(—e — 7)), where ¥ is the Euler constant.
35F(€) = exp(exp(—€ — 7)), where ¥ is the Euler constant.
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Government. The government taxes workers, capital producers, capitalists, and imports
to subsidize social security for workers outside of the labor force. The social insurance
payment to a worker not in the labor force is endogenously determined by the government’s

budget constraint, written as the following:

N
(1= Bb Y (EHH 4 (571 =
n=1
S N

BY > (witert wwpteyt + REKE — SEMT + RVK] — SIM)) + TD, (21)

s=1 n=1
The left hand side refers to the net social security payment to those who do not work (in
sector S+1). On the right hand side, tax revenues include social insurance taxes and foreign

transfers, T'D,,, which equals the trade deficit due to trade in composite goods and imported

capital goods [’

8 Model Estimation

The model is estimated by targeting key moments of the Brazilian economy and the elastic-
ities that we have identified in Section [6] In this section, we briefly discuss the estimation

strategy. We leave the details to Section [C]

Calibration. Sectoral trade elasticities, input-output coefficients, final consumption shares,
and social insurance tax rate are set to the numbers estimated by |De Souza and Li (2022)).
We estimate the migration elasticities for both skill types and the skill choice elasticity ex-
ploiting variation on migration shares across regions and sectors, region-sector specific share
of new workers that are high skilled, and cross region-sector differences in real wages, follow-
ing the method by [Artug et al| (2010), Dix-Carneiro (2014), and [Caliendo et al.| (2019) "]
Exit rates by skill group are calibrated to match movements out of the labor force from

RAIS. We present the details about calibrating these parameters in Section .
36See Equation (C.19).

3TWe follow the literature to instrument current wages with past wages, which are unlikely to correlate
with current amenity shocks.
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Estimation. We estimate the parameters related to production and technology choice
to reproduce the identified effect of robots and tools on the labor market. We generate
on the model the tariff changes observed between 1997 and 2010 and, employing the same
identification strategy, we choose 6 — the elasticity of substitution between robots and tools, #
— the elasticity of substitution between firms, o — the elasticity of substitution between high-
skilled and low-skilled workers, and 6 — the share of low-skilled workers in output produced
with tools, to reproduce the identified effect of robots and tools on the employment of high-
and low-skill workers. As shown in Theorems [I| and 2|, these parameters play a critical role
on the effect of robots and tools on the employment of different skill groups. We present the
details about the estimation procedure in Section [C.4 Table [6] shows the main parameters,
the remaining ones are presented in Section [C.4]

Table 6: Parameters Estimated Inside the Model: Robot and Tool Technologies

Parameter Name Value
0 Elasticity of substitution between robots and tools 11.5510
¥ Elasticity of substitution between firms 6.3254
o Elasticity of substitution between high-skilled and low-skilled workers  3.2981
) Share of low-skilled workers in output produced with tools 0.5477

Description: This table presents the model parameters that are estimated with the SMM method within the model and focuses on the important
parameters related to robot and tool technologies. We present the other estimated parameters in Table

9 Quantitative Results

Figure [0 shows the aggregate effect of changes in the price of robots and tools. Each plot
contains in the x-axis changes in the prices of robots and tools. On the y-axis the figures
display aggregate employment, GDP, welfare, and skill-premium across all sectors and re-
gions. Differently from the empirics, which only identifies relative effects, the model uncover
the aggregate consequences of changes in the prices of robots and tools.

Figure [6] shows that a decrease in the price of robots would decrease employment and
welfare while increasing GDP and skill-premium. A 80% drop in the price of robots would
decrease employment by 2%. Because workers are being replaced with robots, their welfare
decreases. GDP increases from lower robot prices because firms become more productive

with cheaper inputs. Skill-premium increases because robots lead to more lay-off of low-skill
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workers.

According to results in Figure[6] if the price of robots and tools fell by the same amount,
welfare would increase and inequality decrease without any effect on employment. The red
line in Figure [0] plots changes in employment, GDP, worker’s welfare, and skill-premium
from changes in the price of both machines. Tools and robots have opposite effect on the
labor market. Robots replace workers in their tasks while tools reinstate them. Because
these effects are of comparable magnitude, in aggregate employment barely changes if the
price of these two machines fell by the same amount. GDP and welfare, on the other hand,
significantly increase from the reduced machine cost. If the price of machines decrease, firms
reduce their marginal cost, which benefits consumers. Inequality decreases because tools are
complements to low-skill workers.

Between 1997 and 2014, the after tariff import price of robots and tools fell by 38.8%
and 45.9%, respectively. How has that affected the Brazilian economy? Table [7| answers this
question. It presents the aggregate effects of cheaper robots and tools. The first line shows
the counterfactual with both capital prices decreasing, on the second line only tools price
changes, and on the last line only robot prices changed.

Cheaper robots and tools, due to advances in the production of these technologies, has
led to large GDP gains in Brazil with small changes in employment and lower inequality.
Due to cheaper tools, employment has increased. Because both machines have led to higher
productivity, GDP and welfare has increased. Moreover, because tools compliment low-skill

workers, inequality in the labor market decrease.

Table 7: Aggregate Effects of Reduced International Capital Goods Prices

Avg. Robot Price Chg. Avg. Tool Price Chg. Employment GDP Workers” Welfare = Skill Premium

Both Robots and Tools -38.8% -45.9% 0.3% 9.4% 51% -10.3%
Tools 0 -45.9% 0.5% 6.8% 5.0% -12.6%
Robots -38.8% 0 -0.2% 2.4% -0.01% 3.0%
Description: This table presents ra es, @ ower international capital goods prices on employment, GDP, workers’ welfare,

ighted average international robot and tool price cl
wage of a high-skilled worker relative to the

and skill premium. The skill prem
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Figure 6: Aggregate Effects of Robot and Tool Capital Import Price Changes
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Description: The figure illustrates the effects of varying robot and tool import prices (80% decrease to 80% increase) on
aggregate employment, GDP, workers’ welfare, and skill premium, relative to the initial steady state. Red lines represent
simultaneous robot and tool price changes, blue for tool-only changes, and green for robot-only changes. Uniform price changes
across all sectors are considered.

10 Conclusion

Technological progress during the past decades has led to cheaper robots and tools. In this
paper, we shed light on how this phenomena has affected the labor market in Brazil. We
find that while the adoption of robots has led to substantial declines in the employment and
wages of low-skilled workers in operational occupations, the simultaneous decrease in the
cost of tools has played a vital role in mitigating these job losses.

We used natural language processing and an instrumental variable approach to overcome

the challenges of classifying machines and finding their causal effect. With natural language
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processing we identify machines related to automation and those that complement workers
in their tasks. We used import tariff variation as an instrument for the adoption of robots
and tools.

Our research makes significant contributions to the existing literature on the effect of
automation on the labor market. Notably, we expand the analytical framework by adding
tools. Additionally, our findings challenge previous estimations of the impact of robots on
employment, emphasizing the importance of accounting for the simultaneous adoption of

tools, which has often been overlooked in prior analyses.
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A Appendix for Simple Model

In this section, we derive the proofs for Section

A.1 Equilibrium of Simple Model

The market clearing condition for high-skilled workers is the following:

L (wn)'™  (Or)” P
"= m ; : PY = Ap(wp)E. Al
! w0077 (©r) T+ (0r) 10 T+ () (A1)

The market clearing condition for low-skilled workers implies that:

N
= w_L5 (Or)t—7 (@R)_é + (@T)_é p,14_¢ + p}v—w PY = Ap(wg) (A.2)

Without loss of generality, we normalize the economy’s total output, PY, to 1. Hence, the

equilibrium is defined with wages {wg,wr}, such that Equations (A.1]) and (A.2) hold.

A.2 Proofs of Simple Model

To derive proofs for the propositions in Section [2.2] we begin with the following two lemmas:

Lemma 1. The impact of tool and robot price shocks on the employment of high-skilled

and low-skilled workers can be summarized as follows:

A(l = spm)(1+E)(1—0)¢E

dlog by = =% [sra(1+E€+ (0= 1)) + (L= sru)d(§ + o)+ (E+0)(1+E+ (0 — 1))
N (A+o—1+(1=5)(1=)(1+&+ (0 —1)5)¢ dlog P
Alsra(1+E+ (0 =1)0) + (L —sz)d(E + o) + (€ +o)(I+E+ (o —1)s)
(A.3)
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and

- (AL =sru)+o)+tsrulc -]+ (0 —1)(§+0)) (1 —0)¢ 5
dlog bt = — e T e (0= 190) - (1 — sraPE T o) T € + o)1 + €1 (0 — Do) (o8 T
N (A4+0c—14+(1—354)1 =)+ 0)E dlog P
AT €+ (018 F (= srm)dE T o) + €+ )L T &+ (o —1j5) 8 r
(A.4)

inwhich A=1—0—-(1—=-s4)1—=v)+ |(1—=sa)(1—72)+ 5] sr summarizes the impact
of tools price shocks on high-skilled workers. sy represents the share of tools technology
expenditures devoted to high-skilled workers. s, denotes the economy’s expenditure share

on automatable sectors. si denotes the expenditure share on robots in automatable tasks.

Proof of Lemma Based on the definition of the input cost of the tools bundle, O, its

log linearization equals the following:
dlog(Or) = sr.g dlog(wpy) + (1 — sr.g)d dlog(wg) + (1 — sy ) (1 — &) dlog(Pr).
Log linearize Equation (A1)

(1+¢) dlog(wy) = (1 — o) dlog(wy) — (1 — o) dlog(©7) — f dlog(O7)
+ Osg dlog(Pg) + 6(1 — sg) dlog(©7)
+ (1 — ¢)sgdlog(Pgr) + (1 — ¢)(1 — sg) dlog(Or)
— 54 ((1 = ¥)spdlog(Pg) + (1 = ¢)(1 — sg) dlog(Or)) . (A.5)

Plug in dlog(©r) and collect terms:

(€ + 0+ Asp ) dlogwn + (A(1 — s7,1)d) dlog wr,

=—A(l—sp)(1=08)dlogPr— (1 —0— (1 —54)(1 =) — A)dlog Pg, (A.6)

38Tn these derivations, we normalize GDP, PY, to 1.
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where A=1— 0 — (1 — s,)(1 — %) + [(1 —sa)(1— )+ é] SR
Log linearize Equation (A.2)):

(14 ¢)dlog(wy) = (1 —0)ddlog(wg) + (1 — ¢)(1 — &) dlog Pr — (1 — o) dlog ©1 — 6 dlog(Or)
+ Osg dlog(Pg) + 0(1 — sg) dlog(©7)
+ (1 = ¢)spdlog(Pr) + (1 — ¢)(1 — sg) dlog(©7)
— 54 ((1 = 1)sgdlog(Pg) + (1 = ¢)(1 — sg) dlog(Or)) . (A7)

Plug in dlog(©r) and collect terms:

(Aspzr) dlogwg + (1+ € + [A(L - sp) — 1+ 0] 6) dlog g
= (A1 —spp) —1+0)(1—8)dlog Pr — (1 — 0 — (1 — s4)(1 — ¥) — A)dlog P, (A.8)

Combine Equations (|A.6) and (A.8)), eliminate dlogwy,, and solve for dlogwy:

A= sma)(1+ (1 - 9)

Alspa(1+&+ (0 =1)0) + (1 = s7u)d(+ o)+ (§+ o)1+ &+ (0 —1)d)

N (A+oc—14+(1=-s)1—-Y))(1+E+ (0 —1)0)
Alsru(L+&§+ (0 —=1)0) + (1 = sr,p)d(€ + o) + (E+ o)1 + €+ (0 — 1)9)

dlogwy = —

dlog Pr

leg PR

(A.9)
Eliminate dlogwy, and solve for dlogwy,:

A1 =sru)+0)+ sru(loc—1D]+ (6 —1)(§+0)

Aog s = = e a0 o) +srm(1 1 €4 (0 - Do) L (LT &+ (0 Do)E Ty dloslr
N (A+oc—14+(1—=s54)(1 =)+ 0) dlog P
A1 =spp)d+o0)+sru(l+E+(0—1)0)]+ A +E+ (0 —1)0)(E+0) r

(A.10)

These elasticities lead to impact of price shocks on the employment of high- and low-skilled

workers presented in the text.

Lemma 2. In the denominators, A [sp g (1 + &+ (0 — 1)d) + (1 — spp)d(§ + o)+ (E+0)(1+
£+ (0 —1)0) > 0.
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Based on Lemma[2] we can determine whether robots and tools price shocks increase the
employment of high-skilled and low-skilled workers by looking at the signs of the numerators

in Lemma [1l

ProofofLemma Plugin A=1—0—(1—s4)(1 =)+ |(1 —s4)(1 =) +80| sz and

collect terms:

Alstu(1+&+ (0 —1)0) + (1 = srm)d(§ +0)] + (E+0)(1 +{+ (0 —1)d)
= (L =s4)( = 1)1 = sg) [s7u(1L + £+ (0 = 1)6) + (1 = s7,1)5(€ + )]
+ 0sp [sru(1+ &+ (0 —1)8) + (1 — s7.4)8(€ + 0)]

— (=1 [sra(1+&§+ (0 —=1)0) + (1 — s,u)d(€ + o))

= (L =s4)( = 1)1 = sg) [s7u(L + £+ (0 = 1)6) + (1 = s7,1)5(€ + 0)]
+0sp [sra(1+ &+ (0 —1)0) + (1 — s7.4)0(E + o))

— (o= 1) [spa(1+ &+ (o —1)0)]

+(E+0)(1+E+ spu(o—1)9)

L=s4)(® =11 =sg)[sta(1+&§+ (0 = 1)) + (1 — s7.1)d(§ + 0)]

(
éSR [STyH(l + f -+ (0' — 1)5) + (1 — 3T7H)5(€ + U)]

E+Dsrap(l+€E+sru(c—1)0)+ (E+0)(1—sru)(l+E) >0 (A.11)
Equation (A.11)) is positive because all terms in the equation are positive.

Proof of Proposition Based on Lemma [2| in Equations (A.3) and (A.4) the sign
of the impact of robot price changes on employment of both types depends on the sign of

(A+0—14+(1—s4)(1—1)). Pluggingin A = 1—o—(1—s4)(1—2)+ [(1 —s4)(1 =)+ QN} SR,

we show that A+ (1 —s4)(1—v¢)+0—1= (1—3A)(1_"¢l+ i SR-

(.

~ . .
Productivity Effect,<0 Substitution Effect,>0
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Proof of Prop051t10n I The sign of is determined by the sign of

— (AL =sru)+0)+sruloc—1)]+ (a —1)(€+0)). PluginA=1—0—(1—5s4)(1 —
)+ [(1—sa)(1 =)+ 9] sk and collect terms:

—(A[(1 =sru)(§+0)+sruloc—1)]+ (0 = 1)(+0))

=((1 = sru) (€ +0) + spu(o —1)) ((1 )1~ sa)(1 — sp) — s 4 L= smaE+ ) )

(1 =sru)(§+0)+sru(o—1)
(A.12)

Equation (A.12) is negative because all terms in the equation are negative.

Proof of Proposition The sign of dlong is determined by the sign of —A, which
can be further decomposed into the product1v1ty effect, the reinstatement effect, and the

substitution effect:

—A=(1-54)(1—-vY)(1—5g)+ —0sgr + o—1
(= s = 9)1 = sn)
Productivity Effect,<0 Reinstatement Effect,<0  Substitution Effect,>0

Proof of Proposition Equivalently, we would like to demonstrate that

dlogwy - dlogwy, dlog/ly - dlog /1,
dlog Pr ~ dlog Pg’ dlog Pr ~ dlog Pr’

Assume robots substitute both low-skilled and high-skilled workers: A4+ —1+4(1—s4)(1—
1) > 0. Plugging in Equations and , low-skilled wages respond more to robot
price shocks if and only if 0 = ¢ — & < (¢ — 1)(1 — §), which is always true.

Furthermore, low-skilled employment responds more to robot price shocks if and only if

1=%<

¢ < 15795 Which is always true.

Proof of Proposition Equivalently, we would like to demonstrate that

dlogwy - dlogwy, dlog/ly - dlog ¢,
dlog Pr =~ dlog Py’ dlog Pr = dlog Pr’

dlog w dlog w . e 1 (c=1)(&1+0) ol i
dl‘;gg > dlfé 7= holds true if and only if 0 = £ — € < T [ ) g — 1] , which is al-
1 [(H)(gw)

dlogéH dlog £ B
= 1—sr H A TO =S|,

dlog Pr

ways true. Additionally, g holds true if and only if 1 = % <
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which is always true.

Corollary 1. The impact of tool and robot price shocks on (real) GDP can be summarized

as follows:

sa(l =sp)(1 = srm)(1 =)+ 0)(&+1)

Al =srm)d(§+0)+sra(1+E+ (0 —1)0)]+ (1 + &+ (0 —1)5)(§ + o)

__sasnl(E+ DELD + (€4 Do = Vornd + €+ Do = D0 —srn)] g0 p
Al =sr)d(E+0)+sru(l+E+ (0 —1)0)]+ (1 +&+ (0 —1)0) (¢ +0) |

(A.13)

dlog(Y) = —

leg PT

Equation shows that a country’s GDP can be increased by lowering the cost of either

tools or robots.

Proof of Corollary Since we normalized nominal GDP, PY = 1, the change in real
GDP dlogY = —dlog P. Note that:

dlog P = sasgdlog P + sa(l — sg)srg dlogwy + sa(l — sg)(1 — sp.u)d dlogwy,

+ SA(l — SR)(l — ST,H)(]- — (S) dlogPT

Plugging in dlogwy and dlogw; according to Equations (A.9) and (A.10) and collecting
terms, we get Equation (A.13]).

B Appendix for Empirical Analysis

B.1 Data
B.1.1 List of Wikipedia Articles

Robots. numerical control, industrial robot, cartesian coordinate robot, robotic arm, SCARA,

articulated robot, parallel manipulator.

Tools. air hammer, Angle grinder, Metalworking hand tool, Axe, Mortiser, Ball peen ham-

mer, multiple lining tool, Multi tool, Beam compass, Nail gun, Belt sander, Biscuit joiner,
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paniki, block plane, pickaxe, candle snuffer, Piercing saw, card scraper, Pliers, C-clamp,
Pneumatic torque wrench, Ceramic tile cutter, podger spanner, Porter Cable, Circular saw,
Pritchel, Clamp, Profile gauge, claw tool, corner chisel, Random orbital sander, crowbar,
Reciprocating saw, Die grinder, Rivet gun, Disc cutter, Rotary hammer, Domino joiner,
Drift pin, Sabre saw, Electric torque wrench, Sally Saw, F-clamp, Sander, Fein Multimaster
RS, Fuller, Scissors, hacking knife, Screw extractor, hackle, hacksaw, scriber, halligan bar,
set square, Hammer drill, Set tool, hammer, Shear, hand saw, shove knife, Hand scraper,
Shovel, handspike, slide hammer, hand steel, Snips, hand truck, spike maul, Hardy tool,
spline roller, hawk, stanley odd jobs, Heat gun, stone and muller, Honing steel, hook, Tap
wrench, Hydraulic torque wrench, ice scraper, Thread restorer, Impact wrench, Tongs, Jack-
hammer, Track saw, Jigsaw, trash hook, Knockout punch, upholstery hammer, Laminate
trimmer, Vise, Machete, Wall chaser, Machinist square, wire brush, Magnetic switchable

device, workbench, measuring rod, wrench.

B.1.2 Text Similarity
In this section we describe in details how we calculate the text similarity between Wikipedia

articles and machines. Most of the steps follows 7.

Parsing. To transform documents in vectors, we need first to determine what correspond

each element of the vector. In our baseline application, we use words as tokens, i.e., 1-gram.

Lemmatisation. To avoid counting conjugations of the same word as different words, we
use the WordNet lexical database (wordnet.princeton.edu), to reduce words to their root

forms by removing conjugations like plural suffixes.

Selection. To avoid counting frequent and uninformative words, such as ”the” and ”"and”,

we drop terms that appear in more than 80% of documents.

Vectorization. Following the previous steps, we can characterize each document with a

vector of dummies for words it contain. Let m € {1, ..., M} = M be the set for words in the
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document. Let ¢, be a dummy variable taking 1 if document k& contains word m. Therefore,

document k can be represented by vector c,, with entries cg,.

Normalization. Rare words are more important to characterize differences across docu-
ments than common words. To take that into account, we weight each word using total-

frequency-inverse-document-frequency (tf-idf). Each term m of the dataset is weighted by

K+1
dpm +1

wmzlog( )+1Wheredm:ZH{ckm>0}
k

After weighting, each document is weighted by word frequency vector fj, with entries

WmCkm

Zm’ (WmCrm)?

fkm:

Similarity Scores. Using the normalized word vector for each document, f;, we can
calculate the similarity scores. The similarity between machine 7 and Wikipedia articles w

is given by

Sjw = Z fjm X fpm (Bl)
meM
Final Classification. For the machine j, the closest Wikipedia article is w*; = arg max,, s,,.

We call j a robot if wx; is a Wikipedia article associated to automation and a tool otherwise.

B.1.3 Identifying Firms Importing Machines

Importers List. A final dataset allow us to identify the importing firm: the registry
of importing firms. The Secretary of International Trade provide every year a list of all
establishments that have imported any product that year. The list contains the name of the
firm and its tax identifier. It does not contain any information on the product imported or

its value.
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Using the four datasets presented, we can identify a set of firms importing capital goods.
We can identify a firm making a capital good import if this firm is the only importing firm
in its sector and city in the year that the capital good is purchased. There are four steps to
construct this dataset: 1) identify capital goods, 2) classify the sector of each capital good, 3)
identify the city and sector of importers and, finally, 4) identify unique firms in each sector,
city and year pair.[zg]

First, we classify capital goods according to a classification provided by the Secretary of
International Trade. This list classify each one of the HS4 products into capital, intermediate,
or consumer goods.

Second, we assign a sector to each good based on the sectoral imports dataset. We say
that a capital good ¢ can be used in sector j if that sector has ever imported capital good
1. Therefore, this list links ever product to a set of sectors which accept them on their
production process.

In the third step we link each importing establishment, from the importers list database,
to a sector and city using RAIS. Because both datasets are at the establishment level, we
can link each importing establishment to a sector and city.

In the forth and final step we identify a set of firms importing capital goods. With
importing data, the sector-product list, and the information on importing firms, we can
identify some of the firms making the imports of machines. From the import dataset together
with the sector-product list, we know the location and sector of the firm making the purchase.
Using the data created in step 3, we can identify a set of possible importers. In about
0.3% of these transactions the exact importer is identified. Which gives us a set of 9.939
establishments engaging in 57.447 machine transactions. On appendix 77, we provide a set

of summary statistics of these firms.

B.1.4 Event-Study

Empirical Specification and Identification. To identify the effect of robots and tools

at the firm level, we use a matched differences-in-difference[l’] For each firm that import a

39This procedure was first used by de Souzal (2020).
40To match firms we follow Tacus et al. (2012)). Similar strategy has been used by Bessen et al.| (2019),
Calel| (2020), and [Furman et al.| (2021)), among many others.
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robot or a tool, we find a set of control firms matching on employment, number of high-school
dropouts, age, and sector on the three years before the adoption of the machine.@ With the
matched group of firms at hand, I implement the following specification for firms adopting

tools

5
Yig(i)t = Z B; x log (Tools Importiyg(i)) + gy F i €igliye (B.2)
j=—5

where log (Tools Importi’g(i)) is the log of tools imports first made by firm ¢, j is the
distance in years to the first tool purchase, [3; is the correlation of firm-level outcomes j
years to the machine import, and y; 4¢;)+ is an outcome of firm ¢, matched to group g(i),
in year t. If the firm is on the control group, i.e., it has not imported a labor augmenting
machine, §; is always zero. fig.;+ is a year-group fixed effect, which captures common shocks
to firms on the same sector and with similar labor market outcomes. p; is a firm fixed effect.
We can write the model for labor saving machines in an equivalent way. We limit the sample
to the set of firms that we observe importing labor-augmenting or labor-saving machines

with probability one.
We interpret 3; as the correlation of labor augmenting adoption and labor outcome y.
It is worth to mention that the assumptions for a causal statement on this specification are
very strong. The identifying assumption in differences-in-differences is of parallel trends.
In other words, if was not for the adoption of imported machines, control and treatment
groups would follow parallel paths. For two reasons this assumption seems unreasonable
in this scenario - anticipation and shocks leading to the adoption of machines. First, the
adoption of a new set of machines is not a surprise to the firm. Therefore, its likely that firms
are adjusting their size or employment composition before importing the machine. Second,
the adoption of tools could itself be a response to labor market shocks affecting firms with
particular characteristics. For instance, as shown by [Bonfiglioli et al.| (2020)), demand shocks
could induce firms to adopt robots. Therefore, we would not be able to tease-out the effect of

a demand shock from the effect of the adoption of tools. Therefore, for these two reasons, we

“1Due to sample size limitations, I am unable to constrain the sample to machine importers only.
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don’t expect the parallel trends assumption to hold in this case, despite parallel pre-period

trends, and we interpret these results as correlations and not causal effects.

Results. Figure shows the correlation of robots and tools adoption with employment.
Robot adoption doesn’t have a significant correlation with employment. The import of tools,

on the other hand, significantly correlates with increased employment at the firm level.

Figure B.1: Robots, Tools, and Employment

(a) Robots and Employment (b) Tools and Employment
q: 4
<
7Y 7
£ £
S ERE
2T -3
E 5
o« | ]
o o ——./\._0——
‘F- 2

5 4 3 -2 1 0 1 2 3 4 5 5 4 3 -2 1 0 1 2 4 5
Years to Labor Saving Machine Years to Labor Augmenting Machine
‘ Parameter Estimate 90% CI | ‘

Parameter Estimate 90% Cl ‘

Description: This figure shows the estimated coefficients of model on employment and average wage of firms adopting
labor-augmenting machines. For each firm importing a labor-augmenting machine, I create a control firm matching on
employment, share of high-school dropouts, age, and sector on the three years before the adoption of the machine. The

sample is from 1997 to 2015. Standard errors are clustered at the firm level.

%)



B.1.5 Other Tables and Figures

Table B.1: Correlation between Words and Classification

Dependent Variable: I(Robot)
(1) 2) () 4) ) (6) (1) (8) 9) (10)
I(contain "automatic”) — 0.251%%*
(0.0636)

I(contain "numeric”) 0.536%**
(0.112)

I(contain ”control”) 0.203***

(0.0660)

I(contain "robot”) 0.933***
(0.251)

I(contain "tool”) -0.0731
(0.0484)

I(contain "hand”) -0.0492
(0.0408)

I(contain "use”) -0.0548
(0.0373)

I(contain "handle”) 0.0222
(0.0774)

I(contain "instrument”) -0.0178
(0.0428)

N 535 535 535 535 535 535 535 535 535 535
R? 0.028 0.041 0.017 0.025  0.000  0.004 0.003 0.004 0.000 0.000

Description: This table shows the estimates of model: L, { Robot} = Bglm (contain "z”) + e, where L, {Robot} is a dummy if machine m is a robot, Ly, (contain “z”) is a dummy if machine m has the
word , and B is the correlation between having a particular word and the probability of being classified as robot.

B.2 Empirics

Table B.2: Validation: Political Connections and Other Policies

\iextbI(} M B) ® @ B) ©
Alog (SubsidizedLoan) Alog (VI.Federal Procurement) Alog (Number Federal Procurement) Alog (CampaignContribution) Alnternational Import Price  Alnternational Export Price

Alog(tools) 0.0134 7479 0.489 1.263 20.0266 0.217

(1.511) (2.482) (0.792) (1.872) (0.0667) (0.181)

Alog(robots) 0.295 -0.646 -0.142 -0.420 -0.0860 0.189

(1.122) (2.284) (0.735) (1.727) (0.0994) (0.269)

45065 45065 45065 45065 144553
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Table B.3: Validation: Pre-Period Labor Market Outcomes

1) 2) ®3) () (5) (6) (M)
Alog (Employment) Awage AWage Bill AAvg. Yrs. Educ. AH.S. Drop. or Less AH.S. Complete ASome College or More

Alog(tools) -0.155%* -0.0113 -0.166%** 0.00319 -0.116** -0.144 -0.0291
(0.0562) (0.0230)  (0.0619) (0.0161) (0.0502) (0.0918) (0.0305)

Alog(robots) 0.284** 0.0573 0.341%%* 0.00698 0.193* 0.200* -0.0166
(0.110) (0.0454)  (0.125) (0.0289) (0.0998) (0.121) (0.0592)

N 11820 11820 11820 11703 11505 6698 4671

) are instrumented by the interaction of tariff changes with the share of replaceable

he pa: The controls are tariff change o oral output, the tariff
The second and third columns the nd number of federal
tandard errors are clustered at the -sector level

ble shows the coefficients of regres: slonon outcomes related to promlnenl policies of the peuod Alog(tools) and Atag(mbou
e d o

robots and tools denote the rs of robots and tools, 1 the past 5-years.
o fixed effect. In the firet the loft-hand vide fs the Lotal loans made

in the fifth column the p aports, and on the last column the average

Descrlpuon Thi;
occupations, as de

change on mp
procurement, o

luding capital, year ﬁwd effect, region fix
forth column the total campaign

B.3 Empirical Results

Table B.4: First stage with Inverse Hyperbolic Sine

(1) ) (3) (4) (5) (6)
ATHS(Robots, ;) AIHS(Robots,s;) AIHS(Robots,s,) AIHS(tools,s;) AIHS(tools,s,;) AIHS(tools,s;)

Tvtocls 0.0157#+* 0.00954** 0.0157#%* -0.0250%** -0.0369*** -0.0281%**
(0.00436) (0.00433) (0.00449) (0.00769) (0.00756) (0.00790)

Tyrobots -0.212%%* -0.208*** -0.230%** -0.304%** -0.296*** -0.321%%*
(0.0171) (0.0160) (0.0177) (0.0167) (0.0157) (0.0180)

Specification Sector FE Baseline Market FE Sector FE Baseline Market FE

N 201064 201063 201043 201064 201063 201043

R? 0.315 0.336 0.385 0.517 0.541 0.566

F 140.9 145.0 177.2 117.3 127.0 144.9

Description: This table shows the coefficients of the first stage, i.c., regressions[L2Jand[13] but instead of using log it uses the inverse hyperbolic sine. IV°°!% is the interaction between the share of non-replaceable
occupations and tariffs on tools of each sector. IV"°P°!$ ig the interaction between the share of replaceable occupations and tariffs on robots of each sector. robots and tools denote the imports in dollars of robots
and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. All specifications have as controls the growth rate of employment between 93 and 97, the tariff change on sectoral output,
the tariff change on inputs excluding capital, and year fixed effect. Columns 1 and 4 add a sector fixed effect, column 2 and 5 have sector and region fixed effects, column 3 and 6 have sector-region fixed effects.

Standard errors are clustered at the region-sector level.

Table B.5: First stage with Dummy

0 ©) ®) M 8 ©
Al {robots,s;} Al{robots,s:} Al{robots,s:} Al{tools,s.} AlL{tools,s;} Al{tools, s}
Jyteols 0.000300 0.00189 0.00467%** -0.0373%** -0.0329%** -0.0245%%*
(0.00180) (0.00180) (0.00166) (0.00655) (0.00644) (0.00645)
I\/robots 0.122%%* 0.115%%* 0.136%** -0.048 7% -0.0463%** -0.0361**
(0.0170) (0.0163) (0.0181) (0.0164) (0.0159) (0.0177)

Specification Sector FE Baseline Market FE Sector FE Baseline Market FE
N 168500 168500 168369 128428 128423 128206
R? 0.132 0.168 0.344 0.071 0.135 0.283
F 16.73 16.17 25.25 8.815 6.989 4.702

Description: This table shows the coefficients of the first stage, i.e., regressions[[2Jand[I3] but instead of using log it uses a dummy if that region or sector has imported at least one
robot or tool in the past 5 years. IV°°!% is the interaction between the share of non-replaceable occupations and tariffs on tools of each sector. IV"P9' is the interaction between
the share of replaceable occupations and tariffs on robots of each sector. robots and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years. The
difference is taken over the past 5-years. All specifications have as controls the growth rate of employment between 93 and 97, the tariff change on sectoral output, the tariff change
on inputs excluding capital, and year fixed effect. Columns 1 and 4 add a sector fixed effect, column 2 and 5 have sector and region fixed effects, column 3 and 6 have sector-region

fixed effects. Standard errors are clustered at the region-sector level.

57



Table B.6: First Stage without Tools Instrument

(1) (2) (3) (4) () (6)
Alog(robots)  Alog(robots) Alog(robots) Alog(tools) Alog(tools) Alog(tools)

JV/robots -0.199%** -0.193%** -0.213%** -0.287*** -0.277H** -0.305%**
(0.0161) (0.0151) (0.0167) (0.0161) (0.0150) (0.0173)

Specification  Sector FE Baseline Market FE Sector FE Baseline Market FE

N 201064 201063 201043 201064 201063 201043

R? 0.312 0.334 0.384 0.509 0.534 0.560

F 171.2 175.9 229.7 137.3 145.7 180.9

Description: This table shows the coefficients of a first stage without controlling for the tools instrument. IV7°Y°tS is the interaction between the share of
replaceable occupations and tariffs on robots of each sector. robots and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years.
The difference is taken over the past 5-years. All specifications have as controls the growth rate of employment between 93 and 97, the tariff change on sectoral
output, the tariff change on inputs excluding capital, and year fixed effect. Columns 1 and 4 add a sector fixed effect, column 2 and 5 have sector and region fixed
effects, column 3 and 6 have sector-region fixed effects. Standard errors are clustered at the region-sector level.

Table B.7: Employment and Robots without Controlling for Tools

o) ) ® @ ) ©
Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment)
Alog(robots, ) -0.00881 -0.00360 20.00241 20.0362 20.0351 0.0221
(0.00870) (0.00862) (0.00944) (0.0309) (0.0316) (0.0287)
N 236697 201064 201063 201064 201063 201043
R? -0.000 0.011 0.010 0.004 0.004 -0.004

Description: This table shows the of Elon but without tools and its Al ) is by the of tariff changes with the share of replaceable occupations, as defined 1 robots
1 s

B.3.1 Robot and Tools Imports as Instrument and Comparison to the Litera-

ture

In this Section, we follow the procedure adopted by Acemoglu and Restrepo| (2020), Dauth
et al.| (2021)), among others, and instrument robot and tool adoption with their import by
other countries. We find that the main results are still the same. Moreover, if tools are
removed from the specification, the estimated effect of robots is upward biased and closer to

zero, similarly to what the literature has found.

First Stage. The instrument is given by the imports of robots and tools by the US or
Europe. The first stage is:

Alog(robots, s;) = Ty ATM P9 + 7, ATM P + €, 4 (B.3)
Alog(tools, ;) = i ATM P19 4w, AILM P + €54, (B.4)
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where I M P obots are the imports of robots by the US and Europe of machines assigned to
sector s in the past 5 years. Similarly, IM Pstfff’ls are the imports of tools by the US and
Europe. The identifying assumption is that the increased adoption of machines by these
countries are driven by supply side factors, such as a decrease in their price or increase in

their quality.

Results. Table[B.§shows that the imports of robots and tools in Brazil are associated with
their imports in the US and Europe. In most specifications, the cross-elasticities are also
large and significant implying that increased imports of robots (tools) in developed countries
leads to higher adoption of tools (robots) in Brazil. As before, this implies that removing

tools from specification [9 will lead to a downward bias on the estimated effect of robots.

Table B.8: First Stage with Imports by Other Countries as Instrument

(1) (2) (3) (4) (5) (6)
Alog(robots) Alog(robots) Alog(robots) Alog(tools) Alog(tools) Alog(tools)
AT M Ptools 0.0594** 0.0669** 0.0639** 0.215%** 0.193%#* 0.162**
(0.0262) (0.0322) (0.0301) (0.0602) (0.0701)  (0.0664)
AIM provots 1.002%** 1.033%%* 1.034%%* 0.150%** -0.0271 0.0660
(0.0333) (0.0369) (0.0341) (0.0458) (0.0533)  (0.0473)
N 187658 130537 130536 187658 130537 130536
R? 0.037 0.045 0.096 0.050 0.058 0.122
F 454.8 177.0 203.7 11.99 6.579 6.660

Specification No Controls Controls Region FE =~ No Controls  Controls Region FE

Description: This table shows the coefficients of the first stage, i.e., rogmssionsand IMP®° and IMPI°% are the imports of tools and robots
by the US and Europe of machines assigned to each sector in the past 5 years. robots and fools denote the imports in dollars of robots and tools, respectively,
in the past 5-years. The difference is taken over the past 5-years. Columns 1 and 4 don’t have any controls, columns 2 and 5 have as controls the growth rate of
employment between 93 and 97, the tariff change on sectoral output, the tariff change on inputs excluding capital, and year fixed effect. Columns 3 and 6 adds
region fixed effect to the baseline controls. Standard errors are clustered at the region-sector level.

Table shows the effect of robots and tools on the labor market when using imports by
other countries as instruments. It is still true that tools increase employment and earnings
while robots decrease it. Compared to the elasticities identified in [6] the effect of tools are
larger and the effect of robots smaller. Moreover, tools also positively affect the employment
of workers with college or more. Still, the estimated effect of robots is larger than previously

found on the literature.
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Table B.9: Effect of Robots and Tools with Imports by Other Countries as Instrument

(1) 2) (3) (4) (5) (6)
Alog (Employment) Alog(Earnings) Alog(Wage Bill)  Alog(H.S. Drop.) Alog(H.S. Complete) Alog(College or More)

Alog(tools) 0.762% 0.200%F 09717 05417 0.0856 0.446%F*
(0.241) (0.0679) (0.300) (0.193) (0.129) (0.155)

Alog(robots) 0,163 -0.0332+* 0,196 0,221 -0.0723%% 0.0407
(0.0547) (0.0151) (0.0677) (0.0417) (0.0231) (0.0306)

N 187658 187658 187658 176644 150812 100575

Description: This table shows the coefficients of regression[BJon the labor market using as instrument imports of robots and tools by the US and Europe. Alog(tools) and Alog(robots) are instrumented by imports of robots
and tools by other countries, as defined in @Rubw and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The controls are the growth

rate of the left hand side variable between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed effect, region fixed effect, and sector fixed effect. Standard errors are clustered at the
region-sector level.

Table shows the bias from removing tools out the main empirical model. Instru-
menting robots with its imports by other countries only identifies the net effect of robots.
That happens because, according to results in Table [B.8] adoption of robots by other coun-
tries also increases the adoption of tools in Brazil. When tools are removed from the main
empirical model, only the net effect is identified. The estimates found are much smaller and

closer in magnitude to what |Acemoglu and Restrepo| (2020) have found.

Table B.10: Effect of Robots with Imports by Other Countries as Instrument and Without
Controlling for Tools

1) (2) @) (4) (5) (6)
Alog (Employment) Alog(Earnings) Alog(Wage Bill)  Alog(H.S. Drop.) Alog(H.S. Complete) Alog(College or More)

Alog(robots) -0.0627*** -0.00568 -0.0684*** -0.160*** -0.0680*** 0.0135
(0.0214) (0.00564) (0.0234) (0.0215) (0.0217) (0.0218)
N 187658 187658 187658 176644 159812 100575
Description: This table shows the coefficients of regression [[without controlling for the adoption of taols. Alog(tools) is instrumented by imports of robots by other countries. robots and tools denote the imports in dollars of
robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The controls are the growth rate of the left hand side variable between 93 and 97, tariff change on sectoral output, the tariff change

on inputs excluding capital, year fixed effect, region fixed effect, and sector fixed effect. Standard errors are clustered at the region-sector level.

B.3.2 Tariff Instrument

Table B.11: Tariff IV: Employment, Labor Saving, and Labor Augmenting Ma-
chines

M 2 3) (4) ) (6)

Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment)

Alog(tools) 0.158%%F 0.155%%F 0.150%%* 0.174%% 0.168%%F 0.189%%F
(0.0299) (0.0327) (0.0305) (0.0340) (0.0314) (0.0334)

Alog(robots) -0.108%** -0.102%% -0.0889%** -0.278%%* 0.271%%% 0,271
(0.0210) (0.0220) (0.0191) (0.0486) (0.0472) (0.0474)

N 263362 201730 201729 201730 201729 201709

Description: This table shows the of Blon employ Alog(tools) and Alog(robots) are instrumented by the average Lanlff on robots and tools. robots and tools denote the imports in dollars of robots and tools,

re:pectnel\ in the past 5-years. The dlﬁerence is taken over t.he past 5-years.
lo; 197,

All :peclﬁcatlons have year fixed effect. In column 1 there are no controls other than year fixed effect. In column 1 there are no controls. Column 2 adds the baselme
Is, i.e., growth rate of e d

gion FE to the baseline controls. Column 4 adds se
the baseline controls. Column 5 ineludes as controls the b\:clmc controls, region FE “and sector B, Column 6 includes scctor- region FEs and the bascline controls. Standard errors are clustered at the region-sector level
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Table B.12: Tariff IV: Labor Market, Labor Saving, and Labor Augmenting Ma-
chines

\textbf{} (1) 2 (3) (4) ()
Awage  AWage Bill AH.S. Drop. or Less AH.S. Complete ASome College or More

Alog(tools,s.) 0.0450%** 0.213%** 0.159%+* 0.0763** 0.0410
(0.00952)  (0.0361) (0.0316) (0.0344) (0.0341)

Alog(robots, ;) -0.0440%**  -0.315%** -0.282%** -0.00962 -0.0187
(0.0146)  (0.0544) (0.0475) (0.0356) (0.0294)

N 201729 201729 192184 114198 74891

Description: This table shows the coefficients of regression[@Jon labor market outcomes using tariffs as instrument. Alog(tools) and Alog(robots) are instrumented by the average
tariffs on robots and tools. robots and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The

controls are the growth rate of the left hand side variable between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed effect, region
fixed effect, and sector fixed effect. Standard errors are clustered at the region-sector level.

Table B.13: Tariff IV: Occupations, Labor Saving, and Labor Augmenting Ma-
chines

(1) (2) ®3) (4) (5)
AManagers AHS Professionals A Technical Workers AAdm Workers A Operation Workers

Alog(tools) -0.0216 0.0291 0.169%** 0.123%** 0.209%**
(0.0383) (0.0487) (0.0431) (0.0329) (0.0408)

Alog(robots) 0.0493 0.00797 -0.0427 -0.145%** -0.222%F%*
(0.0316) (0.0349) (0.0353) (0.0365) (0.0542)

N 46058 20096 71850 132271 146862

Description: This table shows the coefficients of rcgrcssionon the employment of different occupations using tariffs as instrument. Alog(tools) and Alog(robots) are instrumented
by the average tariffs on robots and tools. robots and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past

5-years. The controls are the growth rate of the left hand side variable between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed
effect, region fixed effect, and sector fixed effect. Standard errors are clustered at the region-sector level.

B.3.3 Outliers

Table B.14: Effect of Tools and Robots on Employment Dropping Top and Bottom 0.1
Percent Tariff Changes

M 2 ®3) (4) ) (6)

Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment)

Alog (Employment) Alog (Employment)
Alog(tools) 0.590%** 0.454** 0.343%** 0.222%%% 0.213%%* 0.223%**
(0.228) (0.198) (0.119) (0.0578) (0.0527) (0.0532)
(0.264) (0.242) (0.133) (0.0615) (0.0557) (0.0560)
Alog(robots) -0.486*** -0.367** -0.250%** -0.356*** -0.341%%* -0.296***
(0.187) (0.161) (0.0893) (0.0879) (0.0838) (0.0809)
Specification No Controls Controls Region FE Sector FE Baseline Market FE
N 236283 200733 200732 200733 200732 200712
e: ion: This table On

opped. Alog(tools) and Alog(rob
he past 5-years. The difference i
n 93 and 97, the tariff chang
ntrols the baseline controls, regio

the baseline controls. ¢

61



Table B.15: Effect of Tools and Robots on Employment Dropping Top and Bottom 0.5
Percent Tariff Changes

M 2 ®3) (4) ®) (6)

Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment)

Alog(tools) 0.877** 0.722% 0.450%** 0.305%** 0.290*** 0.291%**
(0.424) (0.404) (0.167) (0.0863) (0.0770) (0.0769)
Alog(robots) -0.711%* -0.577* -0.323%%* -0.512%** -0.485%** -0.416%**
(0.343) (0.324) (0.123) (0.141) (0.132) (0.128)
Specification No Controls Controls Region FE Sector FE Baseline Market FE
N 233774 198502 198501 198502 198501 198479
Description: This table shows the nent )

i of [Plon employ t. Sectors with tariff change on top and bottom 0.5 percent are dropped. Alo,
the share of replaceable occupations, as defined in[[0Jand[IT] Tobots and tools denote the imports in dollars of robots and tools, respectively, in the
effect. In column 1 there are no controls other than year fixed effect. Column 2 adds the baseline controls, i.e., growth rate of employment between 9: ctoral output, the tariff change on inputs excluding capital,

and year fixed effect. Column 3 adds region FE to the baseline controls. Column 4 adds sector FE to the baseline controls. Column 5 includes as controls the baseline controls, region FE, and sector FE. Column 6 includes sector-region FEs and
the baseline controls. Standard errors are clustered at the region-sector level

Table B.16: Effect of Tools and Robots on Labor Market Dropping Top and Bottom 0.1
Percent Tariff Changes

M ) ) 1) &)

Awage  AWage Bill AH.S. Drop. or Less AH.S. Complete ASome College or More
Alog(tools)  0.0537*+* 0.266*** 0.249*** 0.0314 0.0130

(0.0159) (0.0617) (0.0579) (0.0478) (0.0469)
Alog(robots) -0.0764***  -0.415%** -0.408*** 0.0104 -0.0208

(0.0252)  (0.0981) (0.0881) (0.0604) (0.0478)

N 200732 200732 191327 114001 74749

Description: This table shows the coefficients of regression [9]on labor market outcomes. Sectors with tariff change on top and bottom 0.1 percent are dropped. Alog(tools)
and Alog(robots) are instrumented by the interaction of tariff changes with the share of replaceable occupations, as defined in [[0]and [[1] robots and tools denote the imports
in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The controls are the growth rate of the left hand side variable

between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed effect, region fixed effect, and sector fixed effect. Standard errors
are clustered at the region-sector level.

Table B.17: Effect of Tools and Robots on Labor Market Dropping Top and Bottom 0.5
Percent Tariff Changes

Vtextbf(} (1) @) ® @ )

Awage  AWage Bill AH.S. Drop. or Less AH.S. Complete ASome College or More
Alog(tools) — 0.0673*F*  (.356%** 0.344%** 0.0386 0.0470

(0.0220) (0.0909) (0.0886) (0.0562) (0.0523)
Alog(robots) -0.108%%*  _(.590%*** -0.590%** 0.0131 -0.0490

(0.0378) (0.156) (0.146) (0.0771) (0.0596)

N 198501 198501 189181 112782 73986

Description: This table shows the coefficients of regression[Jon labor market outcomes. Sectors with tariff change on top and bottom 0.5 percent are dropped. Alog(tools)
and Alog(robots) are instrumented by the interaction of tariff changes with the share of replaceable occupations, as defined in[[0Jand [[T] robots and tools denote the imports
in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The controls are the growth rate of the left hand side variable
between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed effect, region fixed effect, and sector fixed effect. Standard errors
are clustered at the region-sector level.
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Table B.18: Effect of Tools and Robots on Different Occupations Dropping Top and Bottom
0.1 Percent Tariff Changes

(1) (2) ®3) (4) (5)
AManagers AHS Professionals ATechnical Workers AAdm Workers A Operation Workers
Alog(tools) -0.0570 -0.0127 0.233%** 0.0198 0.336***

(0.0607) (0.0607) (0.0572) (0.0489) (0.0776)
Alog(robots) — 0.0812 0.0387 0,143 0.0287 0,275

(0.0548) (0.0434) (0.0537) (0.0626) (0.0967)

N 45984 20049 71724 132043 146640

Description: This table shows the coefficients of regression[§Jon employment of different occupational groups. Sectors with tariff change on top and bottom 0.1 percent are dropped.
Alog(tools) and Alog(robots) are instrumented by the interaction of tariff changes with the share of replaceable occupations, as defined inand robots and tools denote the
imports in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The controls are the growth rate of the left hand side variable

between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed effect, region fixed effect, and sector fixed effect. Standard errors are
clustered at the region-sector level.

Table B.19: Effect of Tools and Robots on Different Occupations Dropping Top and Bottom
0.5 Percent Tariff Changes

(1) (2) 3) (4) (5)
AManagers AHS Professionals ATechnical Workers AAdm Workers A Operation Workers
Alog(tools) -0.0307 0.0103 0.272%%* 0.0344 0.468%**

(0.0716) (0.0850) (0.0686) (0.0633) (0.128)
Alog(robots) — 0.0582 0.0418 -0.155%* 0.0322 -0.424%

(0.0687) (0.0618) (0.0703) (0.0874) (0.167)

N 45523 19858 70938 130604 144918

Description: This table shows the coefficients of regression[@Jon employment of different occupational groups. Sectors with tariff change on top and bottom 0.1 percent are dropped.
Alog(tools) and Alog(robots) are instrumented by the interaction of tariff changes with the share of replaceable occupations, as defined in

0]and [TT] robots and tools denote the
imports in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The controls are the growth rate of the left hand side variable

between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed effect, region fixed effect, and sector fixed effect. Standard errors are
clustered at the region-sector level.

B.3.4 Controls

Table B.20: Effect of Tools and Robots on Different Educational Groups without Region
and Sector FEs

(1) ) ®3) ) (5)

(6)
Alog(H.S. Drop.) Alog(Earnings Drop.) Alog(H.S. Complete) Alog(Earnings Complete) Alog(College or More)

Alog(Earnings College or More)
Alog(tools) 0.819%* 0.328%% 0.114 0.0457 -0.0485 0.00809
(0.366) (0.147) (0.0899) (0.0395) (0.0661) (0.0350)
Alog(robots) -0.691** -0.282%* -0.0651 -0.0534%* 0.0428 -0.00991
(0.294) (0.118) (0.0622) (0.0268) (0.0413) (0.0216)
N 191640 191640 114198 114198 74892 74892

carnings of different educational groups. Alog(tools) and Alog(robots) arc umented by the interaction of tariff changes with the share of replaccable occu
erence i er t he co are the growth rate of the left hand side variable between 93 and 97, tariff change

education than a high-school diploma. Columns 3 and 4 shows the effect on work

. s dofined in[Dand
toral output, the tariff
W bigh-school diploma.

he past 5-years. Th
earnings of workers that ha

Table B.21: Effect of Tools and Robots on Different Educational Groups without Region FE

(1) ) ®3) (4) (5) 6
Alog(H.S. Drop.) Alog(Earnings Drop.) Alog(H.S. Complete) Alog(Earnings Complete) Alog(College or More)  Alog(Earnings College or More)

Alog(tools) 0.284%%* 0.0898*#* 0.0414 -0.00337 0.0381 0.00177

(0.0694) (0.0219) (0.0517) (0.0214) (0.0511) (0.0274)
Alog(robots) -0.452%%* -0.134%** -0.0112 -0.0240 -0.0452 0.00559

(0.0991) (0.0311) (0.0622) (0.0251) (0.0504) (0.0265)
N 191640 191640 114198 114198 74892 74892
Description: This tabl ficients of ngm.\mnm P ca ots) are instrumented by the interaction of tariff chan

Tobots and tools deno < in dollars of robots aiT tools, 1

as defined

sectoral output.
ange on inputs excludin

high-school diploma. Colu

e controls are the growth rate of the left hand side variable between

ar fixed effect, and region fixed off nings of workers that have less education than a high-

and 6 shows the effect on workers with at least sc

0ol diploma.

63



Table B.22: Labor Market, Labor Saving, and Labor Augmenting Machines -
Market FE
6

4) (5) (6)
Alog(Earnings College or More)

1 2 (3)
Alog(H.S. Drop.) Alog(Earnings Drop.) Alog(H.S. Complete) Alog(Earnings Complete) Alog(College or More)
Alog(tools) 0.262%F*% 0.0389%+* 0.0110 -0.0114 0.00589 0.00973
(0.0596) (0.0147) (0.0469) (0.0190) (0.0470) (0.0257)
Alog(robots) -0.370%** -0.0532%* 0.0595 -0.00711 -0.00878 0.00360
(0.0861) (0.0211) (0.0559) (0.0219) (0.0433) (0.0232)
191608 191608 114181 114181 74863 74863

o

Table B.23: Occupations, Labor Saving, and Labor Augmenting Machines - Year FE

o ) ) @ ®
Alog(Managers) Alog(HS Professionals) Alog(Tecnical Workers) Alog(Adm Workers) Alog(Operation Workers)
Alog(tools) -0.203 -0.0981 0.120%* -0.229 0.178
(0.151) (0.0680) (0.0708) (0.153) (0.230)
Alog(robots) 0.150* 0.1037%** 0.0132 0.185* -0.0574
(0.0854) (0.0356) (0.0426) (0.107) (0.174)
N 46062 20100 71851 132273 146863
e B e e e ireronce ie taken over the st yemne T iﬂl.f::ﬁf':f e
tanda errors are stered at the < evel.

Description: This table shows the coefficients of r
replaceable occupations, as defined in [[0]Jand [TT] robots and ¢
growth rate of the left hand side variable between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, and year fixed effect.

Table B.24: Occupations, Labor Saving, and Labor Augmenting Machines - Year

and Sector FE
(1) 2) ®3) 4) ()
Alog(Managers) Alog(HS Professionals) Alog(Tecnical Workers) Alog(Adm Workers)  Alog(Operation Workers)
Alog(tools) -0.0652 -0.0235 0.270%** 0.0331 0.372%**
(0.0683) (0.0653) (0.0633) (0.0553) (0.0944)
Alog(robots) 0.0925 0.0376 -0.193%** 0.00600 -0.331%**
(0.0605) (0.0469) (0.0582) (0.0672) (0.114)
N 46061 20100 71851 132273 146863
' : cmploys of (Slﬁerednt.” u ti fon Lw zroups. 1Alog(ta¢ils)laml Aulog(rafats) are u}s}:nﬁn&med by tLhel m!exactlﬁn of \:lauff changsﬁ with Lthei share“of
5%s denote the imports in dollars of robots and tools, respectively, in the past 5.-years. The difference is taken over the past o-years. The controls are the

Description: This table shows the coefficients of regr Blon
o between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, year fixed effect, and sector fixed effect. Standard errors are clustered at the

replaceable occupations, as defined in andm robots and t

growth rate of the left hand side varial
region-sector level.

Table B.25: Occupations, Labor Saving, and Labor Augmenting Machines - Mar-
ket FE

o) ) ©) @ ®
Alog(Managers) Alog(HS Professionals) Alog(Technical Workers) Alog(Adm Workers) Alog(Operation Workers)
Alog(tools) -0.0647 -0.0172 0.216%** 0.0589 0.360%**
(0.0598) (0.0663) (0.0572) (0.0532) (0.0836)
Alog(robots) 0.0826 0.0306 -0.0951%* -0.0156 -0.290%**
(0.0515) (0.0457) (0.0507) (0.0627) (0.101)
N 46040 20087 71797 132235 146841
Description: This table shows the coefficients of regression[BJon employment of different occupations. Instead of using all machines, we limit the:‘l‘):lﬂﬁ n::;:;;l;easntm]lqi:ul‘la:’s;ne(:‘!“e<L‘l‘\“e‘l|a::vly§:n:2 L?'lf’iufé?!i?'xiﬁgff ;:51

median. Alog(tools) and Alog(robots) are instrumented by the interaction of tariff changes with the share of replaceable occupations, as defined in
tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The controls are the growth rate of the left hand side variable between 03 and 97, tariff change on sectoral output, the tariff change on

inputs excluding capital, year fixed effect, and region-sector fixed effect. Standard errors are clustered at the region-sector level
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B.3.5 Higher Degree of Text Similarity

Table B.26: Effect of Tools and Robots on Employment When Limiting the Sample to High
Text Similarity Machines

@) 2) ®3) (4) (5) (6)
Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment) Alog (Employment)

Alog(tools) 0.147%% 0.123%% 0. 1117F 0.264%% 0.220%%% 0.206%%%
(0.0311) (0.0312) (0.0260) (0.0640) (0.0497) (0.0481)

Alog(robots) -0.0470%%* -0.0321 %+ -0.0201 %% -0.161%%* -0.139%%* -0.112%%
(0.0123) (0.0120) (0.0106) (0.0423) (0.0355) (0.0312)

N 194694 194693 19469 194693 194674

Description: This table

Table B.27: Effect of Tools and Robots on the Labor Market When Limiting the Sample to
High Text Similarity Machines

M @) ) @ )

Awage  AWage Bill AH.S. Drop. or Less AH.S. Complete ASome College or More
Alog(tools) — 0.0470%F*  (0.267*** 0.258%** 0.0320 0.0230

(0.0149) (0.0574) (0.0537) (0.0390) (0.0401)
Alog(robots)  -0.0188%  -0.157*** -0.185%+* 0.00227 0.000831

(0.0108) (0.0412) (0.0376) (0.0237) (0.0231)

N 194693 194693 185421 111126 72897

Description: This table shows the coefficients of regression Eon labor market outcomes. Instead of using all machines, we limit the sample to machines that have text-
similarity to robot or tool above the median. Alog(tools) and Alog(robots) are instrumented by the interaction of tariff changes with the share of replaceable occupations, as
defined in [[0]and [TT] robots and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The
controls are the growth rate of the left hand side variable between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, region fixed effect,
and sector fixed effect. Standard errors are clustered at the region-sector level.

Table B.28: Effect of Tools and Robots on Different Occupation When Limiting the Sample
to High Text Similarity Machines

(1) (2) ®3) (4) (5)
AManagers AHS Professionals A Technical Workers AAdm Workers A Operation Workers

Alog(tools) -0.0410 0.00346 0.137FF% -0.00155 0.261FF%
(0.0579) (0.0597) (0.0443) (0.0432) (0.0650)

Alog(robots) — 0.0359 -0.00600 -0.0248 0.0371 -0.168%**
(0.0282) (0.0289) (0.0236) (0.0270) (0.0385)

N 44921 19844 70112 128305 141991

Description: This table shows the coefficients of regression [f]on labor market outcomes. Instead of using all machines, we limit the sample to machines that have text-similarity
to robot or tool above the median. Alog(tools) and Alog(robots) are instrumented by the interaction of tariff changes with the share of replaceable occupations, as defined in[I0Jand
[[T] robots and tools denote the imports in dollars of robots and tools, respectively, in the past 5-years. The difference is taken over the past 5-years. The controls are the growth rate
of the left hand side variable between 93 and 97, tariff change on sectoral output, the tariff change on inputs excluding capital, region fixed effect, and sector fixed effect. Standard
errors are clustered at the region-sector level.
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C Appendix for Quantitative Model

C.1 Additional Equations

Firms. Consider a firm’s choice of technology | € {R,T}. Based on properties of the
Fréchet distribution and the firm’s profit maximization, the expenditure share by firm 7 on

tasks performed with technology [ equals the following:

OGN

ml(e) = L)

CAO)

1

where @ (i) = <ZZL:1 Ts! (i)(@i’l)_é> 7 denotes the cost index of the value-added component
of the firm’s output. The price of the firm’s value added is as follows: pSV4(i) = v®2 (7). Ac-

cording to the firm’s production function, Equation (14)), and the firm’s profit maximization,

the firm’s output price equals the following:

ss’

s
. s . s o Y
ORI TASIOIE | B R (1)
s'=1
where P,f/ denotes the composite goods price in region n, sector s'.

Sectoral Production and Trade. Due to the constant return to scale and perfect com-
petition, the output price index at the region-sector level (the price index associated with

y2) is determined by firm-level prices as follows:

1 1 1-60
il = | [ wnoyai €2
n 0
Sector s in region n has the following expenditure share on the output from region n':

(e bt )

nn’“nn’

(P ()

nn’

Capital Goods Sector. Using Equation , we observe that the production of invest-

ment goods decreases with the cost of capital production, ¥%!. Therefore, an increase in
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capital import tariffs can reduce investment:

l

1-¢

¢l $,1 I

[ = (%) < (C.4)
¥

Worker’s Problem. Consider workers of type e € {H, L}. Solving the worker’s intratem-

poral problem, the time ¢ utility equals the following:

s,e s,e
an’,t(lfB)wny,t
T 86{17...78}’

wyy = ! C.5
N L o
P’n,t - ’
S
where P, = [ (P)” (C.6)
s=1

The probability that a type-e worker in region n, sector s will choose region n’, sector s’

in the next period equals the following:

/ €
s's,e eXp()\eﬁvn’ t+1 Hi;j;i)l/p 7
n'nit "~ S+1 e s's,.eN1/pe” ( : )
Z = IZ 16Xp(>\ B,Un’,t—‘rl - Knnt)

Hence, 1/p° indicates the migration elasticity. It determines how easily workers of each type
can switch sectors and locations based on their life-time utility in the destination sector and
location.

The following share of entrants will choose to become high-skilled:

o exp(Busithy — )7

s,H = s,L =
exp(fvy 1y — fH)YP 4 exp(Buy 1 )Y?

where 1/p measures the skill choice elasticity.
According to the worker’s problem, labor supply at the level of regions or sectors will

follow the following law of motion:

N S+1
ity = SN sttt (= ¢+ (= ) s (C.9)
n=1 s=1
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and
N S+1

Wit = S skt 4 (=il =) sk (€a0)

n=1 s=1
C.1.1 Market Clearing Conditions

Robot Capital. The market clearing condition for robot capital on region-sector level is

the following:

wrpesr_ [ TR (p3(0) " “di
R©K —/120 (@2 (1)) ()7 vop, Y, di (C.11)

where (’E”())); v°p; Y7 refers to firm i’s value added and %

capital in the firm’s value added. Integrating over all firms in this region-sector, we get total

is the share of robot

demand for the robot capital, which equals to the capital’s supply.

Tool Capital. Similarly, the market clearing condition for tool capital is the following:

oo (@R o) i)
RO'K? (2)—/“)(1—5) ©7 (i) @ ()T () VpiYidi. (C.12)

High-skilled Workers. The market clearing condition for high-skilled workers is the fol-

lowing;:

e 1 AT O 0) 507 L
= | e o (€13

Low-skilled Workers The market clearing condition for low-skilled workers is the follow-

ing:

o ([ ) o) i)
wnl :/z»:oé ©T)— (@s(i)T () | PnTe (C14)
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Composite Goods. Composite goods are consumed and used as production inputs. Hence,

their market clearing condition is the following:

N

S
Xs= PC° + x5S, +EFS(p2)"), C.15
S Y (pn) "7 ) (C.15)

! — ! —
Consumption % =1 p=l Sector s’ exports

Sector s’ domestic sales

where FF? an exogenous parameter, governs the size of the foreign demand. Regional

consumption of sectoral composite goods equals the following:

s

PiCE = o (Z(wgﬂzgﬂ +wStet 4 REERSE 4 RETRST) 4 TDGn> : (C.16)
s=1

where T'DG,, denotes the trade deficit and the tariff revenue in the composite goods sectors

and equals the following:

S
TDG, =) (Ximiye — EF(0})'") (C.17)
s=1
Region n, sector s output is used both for domestic expenditure and for exports. Hence,

its market clearing condition is the following:

N
By =Y Xum, +EFS(p))", (C.18)
N————
=1 Exports

Domestic sales

The foreign transfer equals the trade deficit due to trade in composite goods and imported

capital goods:

: [ et ]
nN+1"N+ nN+1"N+
TD, =TDG,+ Y S5 M;" — eV ool — (C.19)
s=1 [EvaT] [Z%R}

Equilibrium. The equilibrium is defined as a set of prices: {wfi;H cwilh REE ReT ps ps, b}

such that workers’ value functions follow Equation , sector-region and skill choice prob-
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Figure C.1: Robots, Tools, and Sector Upstreamness

(a) Robot Imports and Sector Up- (b) Tool Imports and Sector Upstream-
streamness ness
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Description: This figure shows the estimated coefficients of model on employment and average wage of firms adopting
labor-augmenting machines. For each firm importing a labor-augmenting machine, I create a control firm matching on
employment, share of high-school dropouts, age, and sector on the three years before the adoption of the machine. The
sample is from 1997 to 2015. Standard errors are clustered at the firm level.

abilities follow Equations (C.7)) and (C.8)), the supply of labor follows Equations (C.9)) and
(C.10)), the supply of capital follows Problem (17), and market clear conditions (C.11)) -
(C.15) and hold [7]

C.2 Parameterization

Firm-level Productivity We assume that the firm-level high-skilled worker augmenting
productivity, A;ﬁ(z), and robot augmenting productivity, ij (i), follow joint log-normal
distributions. They are independent across regions, sectors, firms, and time, but are corre-
lated within a firm. The reason for this within-firm correlation is that the high-tech firms
which are better at utilizing robots may also be better at utilizing high-skilled workers. As-

sume that A>T (i) = exp(ui + 0575 (i)) and T*%(i) = exp(us + 0575(i)) and that Z§(i) and

Z5(i) are random variables that follow a bi-variate normal distribution:@

Z
Z

0\ (1 p
— N A7), (C.20)
1

0 p

LV

N w

42Gince we focus on steady state-to-steady state changes, we omit the time dimension from the prices
under consideration.

43We assume that these parameters depend on the sector instead of the region, since they govern the
relative importance of high-skilled workers and robots in the technology of production. Therefore, they are
more likely to be affected by the sector for which the technologies are developed than the location in which
they are used.

70



The average high-skilled worker and robot productivity pj and p3, their standard deviations

o; and o3, and the correlation p®, are the parameters we will estimate.

Trade and Migration Costs We assume that the domestic trade cost follows Equation
(C.21)). The trade cost from region n’ to region n is a function of several factors: (1) whether
the origin is identical to the destination, (2) whether the two regions share a border, (3)
the distance between the two regions, (4) the proximity of the origin and destination to the
nearest coast, and (5) the number of ports present in the origin and destination. Additionally,
trade cost depends on the sector of the traded products. We consider two measures of sector
heterogeneity that may influence trade costs: (1) the degree of a sector’s upstream position
and (2) the share of high-skilled workers in sectoral employment. These sectoral variables,
along with their interactions with the geographical variables mentioned above, affect trade

costs.

log(h} /) = B°1(n’ = n) + B Contig,,/,, + B2 log(Dist to Coast,) 4 5% log(Dist to Coast,,)
+ BAN(Ports),, + 8°N(Ports),,s 4+ 8% log(Dist,,/,,) + 87 Contig,,/,, log(U*)
+ B8 log(Dist to Coasty,) log(U®) + 89 log(Dist to Coast,,/) log(U*®)
+ BON(Ports),, log(U®) + BIN(Ports),,s log(U®) 4+ B2 log(Dist,, s, ) log(U®)
+ B1B31(n’ = n)log(U?®) + B 1og(U?®) 4+ B151(n’ = n) log(high-skilled labor share®) 4+ 816Contig,,,, log(high-skilled labor share®)
+ 87 log(Dist to Coasty,) log(high-skilled labor share®) + 88 log(Dist to Coast,,s ) log(high-skilled labor share®)
+ BON(Ports)s, log(high-skilled labor share®) + 82°N(Ports),,s log(high-skilled labor share®) 4+ 82! log(high-skilled labor share®)

+ 822 log(Dist,,/,, ) log(high-skilled labor share®). (C.21)

We assume that the non-tariff trade barrier faced by a region-sector when importing com-
posite goods (Equation , as well as robots (Equation and tools capital (Equation
[C.24)), depends on several factors: (1) the distance to the coast, (2) the number of ports
in the region, (3) the sector’s upstreamness, and (4) the sector’s high-skilled employment
share. Additionally, the interactions between geographical and sectoral variables are taken
into account. Moreover, an intercept term is included to account for the home bias against

imports.
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log(hyni1) = B2 log(Dist to Coasty,) + S24N(Ports),, + 42° log(Dist to Coasty,) log(U®) + 826N(Ports),, log(U*®) 4+ 827 log(U®)
+ 828 4 529 log(Dist to Coast,,/) log(high-skilled labor share®) + 83°N(Ports),, log(high-skilled labor share®)

+ 3% log(high-skilled labor share®). (C.22)

10g(hi’1§+1) = 81 Flog(Dist to Coastyr) + B2 N(Ports),, + 827 log(Dist to Coast,,) log(U®) + 84EN(Ports),,s log(U®) + 85 log(U?)
+ 858 1 g7 F log(Dist to Coast,,/) log(high-skilled labor share®) 4+ 83 FN(Ports),,s log(high-skilled labor share®)

+ 2% log(high-skilled labor share®). (C.23)

log(h:g;_‘_l) = 84T log(Dist to Coasty) + B2 TN(Ports), + 82T log(Dist to Coast,,/) log(U*) + 84 TN(Ports),,s log(U®) + 85T log(U®)
+ 85T 4 87T 1og(Dist to Coast,, ) log(high-skilled labor share®) + 88T N(Ports),,s log(high-skilled labor share®)

+ 27T log(high-skilled labor share®). (C.24)

The migration cost depends on the migration origin region-sector and the migration des-
tination region-sector. We assume that the migration cost is a function of the same geograph-
ical variables that affect the domestic trade cost. As well as this, they are also influenced
by the absolute values of the difference between the upstreamness and the high-skilled labor
shares of the origin sector and the destination sector. We also include in the migration
cost the interactions between the geographical distances and the sectoral differences. The

migration cost is parameterized as follows:

log(nfll,sn) =+21(n/ = n) + v Contig,,.,, + 72 log(Dist,’,,) + 7> log(Usl) — log(U®)| + v*Contig,,.,,| log(USl) — log(U?®)|
+ ~5 log(Dist,, )| log(US/) —1log(U%)| +~51(n’ = n)| log(Us/) — log(U®)| 4+ ~7|high-skilled labor share®’ — high-skilled labor share®|
+ ~8Contig,,,, |high-skilled labor share®” — high-skilled labor share®|
+ ~2 log(Dist,,/,, ) |high-skilled labor share® — high-skilled labor share®|

+~41%1(n/ = n)|high-skilled labor share®’ — high-skilled labor share®|. (C.25)
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C.3 Estimation

In the first step, we calibrate a set of parameters outside the model. Table summarizes

these parameters.

Trade Elasticities We calibrate sectoral trade elasticities for the composite goods to the
estimates acquired in De Souza and Li (2022)@ Using a specification similar to the one
developed in Section [5] we estimate robot and tool capital trade elasticities to 5.64 and 3.11,
respectively.

We estimate the trade elasticity of different types of capital goods by studying how tariff
changes affect changes in imports at the regional and sectoral levelﬁ For robots:

Alog ([mportR

18,1t

) = 6" Alog (tariﬁft) + Fized effect; + Fixed effect, + Fixed effect, + €;st,
(C.26)

where A log(Import?

is.¢) 1s the log change in robot imports in region 4, sector s, from year t —5
to year t. log( tariﬁfft) is the log change in a weighted averag tariff on robots in region i,
sector s, from year t — 5 to year t. 6% is the trade elasticity for robots. Similarly for tools,

we estimate the following:

Alog (Importg;’t) = 0% Alog (tariﬁép’t) + Fized effect; + Fized effect, + Fized effect, + €;s,
(C.27)

where 07 is the trade elasticity for tools. Table shows the parameters estimated based
on Equation (C.26)) and (C.27)), along with other robustness tests. Estimators from the main
specification suggest the elasticities of 8% = —5.64 and 67 = —3.11.@

#“In De Souza and Li (2022)), we utilize anti-dumping investigations and anti-dumping tariffs and a
difference-in-differences strategy to study the effect of tariffs. We use the products and sectors that are
investigated for dumping but do not receive tariff protection as the control group.

45We leverage variations across both regions and sectors to increase statistical power. Different regions
import distinct capital goods, resulting in varying tariffs when measured using sector-level weighted averages.

46We calculate the average tariff on robot products using product-level import value as weight.

4TThis implies that e =1 — 6% = 6.64 and ¥’ =1 — 07 = 4.11.
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Table C.1: Trade Elasticity of Capital Goods

Measured by 5-Year Change Measured by 1-Year Change
0 @) 3) @) 5) (6)
Panel A. Trade Elasticity of Robots
oF -19.58%HF 5 637FFK 6.079*** -1.932FFF  _1.040%**  -2.001%**
(2.477) (1.391) (1.465) (0.440) (0.529) (0.517)

Observation 325271 325271 325271 400501 400501 400501

R? 0.029 0.220 0.221 0.000 0.009 0.009
Year FE N Y Y N Y Y
Sector FE N Y Y N Y Y
Region FE N Y Y N Y Y
Control N N Y N N Y

) ) ) (10) (1 (12)

Panel B. Trade Elasticity of Tools
6T -12.64%+%* -3.108* S3.815%F  J1.473%FFF 4. 702%KK 4 B5TOHHH

(1.242) (1.684) (1.863) (0.207) (0.667) (0.658)

Observation 325271 325271 325271 400501 400501 400501

R? 0.009 0.348 0.349 0.000 0.013 0.013
Year FE N Y Y N Y Y
Sector FE N Y Y N Y Y
Region FE N Y Y N Y Y
Control N N Y N N Y

Description: This table presents trade elasticity estimated from equation and (C.27).
9% is the trade elasticity of labor-saving capital goods. #7 is the trade elasticity of labor-
augmenting capital goods. Controls include the tariff change on sectoral output and input.
Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
Migration Elasticities We apply the method used by Artug et al.| (2010)), Dix-Carneiro
(2014)), and (Caliendo et al.| (2019)) to estimate the migration elasticities for both skill types.
Manipulating Equation , we can express migration shares as a function of wages and
migration shares in the next period, and the coefficient in front of wages is informative of the
migration elasticity. We conduct an instrumental variable regression using lagged wages as
the instrument for the next period’s wages in order to identify the coefficient. We estimate
the migration elasticity (the inverse of p¢, e € {1,2}) to be 0.167 for high-skilled workers
and 0.141 for low-skilled workers. These estimates are consistent with our intuition that
high-skilled workers should be more mobile than low-skilled workers. In studies using US
state-sector level migration data, |Artug et al.|(2010) finds a migration elasticity of 0.532 and
Caliendo et al.|(2019) finds a migration elasticity of 0.495. We estimate lower mobility rates
based on Brazilian data, which is in accordance with our intuition that population mobility

is lower in developing countries than in advanced economies.
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With Equation ((C.7)), the log difference between the migration probability from region
n-sector j to region i-sector k and the probability of staying in region m-sector j is the

following:

kj,e

jj,E) Ceﬂ ke Ceﬂ 7.e 1 kj,e

log<sin:t> - log(snn,t - pe zt+1 pe Un ;t+1 E"%in:t <C28>
Use Equation ((19)) to substitute the value functions:
Ceﬁ wk e N S+1
kj,e ij.e 7,41 e s'k,e €
log(sirjz,t) - 10?;(3%,15) = e (10g( m+1) + log(P +1> p° log( Z ZGXP ¢ ﬁ” nt+2 nz,t+1)1/p )
bt n'=1s'=1

Wi 1 N S+1 1
nt e s'j.e € j,e
—log(a nt+1) log(5— =)= p “log( Z ZGXP ¢ 5” w41 T n]n,t)l/p )) - E’%Zjlt

P,
nt+1 n'=1s'=1

(C.29)

To substitute out the region-sector-level expected value, use Equation (C.7)) again at time

t+1:
N S+1
kj.e kk,e kij.e s'j.e e
IOg(SiTJL,tH) - log(sii,t—i-l) = pe K, i — log( Z ZGXP Ceﬁv n' 442 ’fn/jn,t+2)1/p )
n'=1s'=1
N S+1
+10g(D ) " exp(CUBUL Gy — K ) M), (C.30)
n'=1s'=1

Plug Equation ((C.30]) into Equation (C.29):

k.e j.e
j,e C B wi, wn7 e j,e e
log(s;77) — log(si5) = > log( ) — log(=1) | + (8 (log(si,.) — log(st5))

-Pi,t—l—l Pn Jt+1
C ﬁ k]e 1 kj,e C 6 <
Kimiel — —= K + log(a; log(a;, ) C.31
e R T e (af) — log(a) (C.31)
Hence our estimation equation will be:
¢°p i,

lOg( m t) 1Og(sz;,]';ft) - Ceﬁ(log( zn t+1) log(sfféil)) = (log( 1 t+1) log( n t+1>> + Cbi,t + ¢n,t + Ein,f‘

(C.32)
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This amounts to regressing the log difference between the migration probability from region
n-sector j to region i-sector k and the probability of remaining in region n-sector j. This is
adjusted by the log difference between the migration probability from region n-sector j to
region ¢-sector k and the probability of staying in region i-sector k during the subsequent
period. The dependent variable is the log difference in wages between region i-sector k£ and
region n-sector j. Fixed effect controls are included to address the region-level price indices.
Since the continuation probability for each worker type, (¢, and the discount factor, 3, are
both known, the inverse of the migration probability, p¢, can be obtained from the estimated
coefficient.

Comparing Equations and , what is absorbed in the error term, eﬁ{f , in-
clude migration costs and region-sector level amenities. To address potential bias, similar to
Caliendo et al.| (2019) we use past wages (in t —1) as instruments for the wages in t+ 1.@ The
identifying assumption is that past wages are uncorrelated with current and future migration

costs and future amenities.

Table C.2: Migration Elasticity and Skill Choice Elasticity

Migration Elasticity Skill Choice Elasticity
T T T
o ot b
OLS 2SLS OLS 2SLS OLS 2SLS
(1) (2) (3) (4) (5) (6)
Parameters 0.141*  0.167**  0.131**  0.141"*  0.022*** 0.076™**

(0.005)  (0.006)  (0.008)  (0.010)  (0.0004)  (0.018)

Observation 255,321 251,838 345,991 344,822 94,836 94,089
Origin-Year FE Y Y Y Y Y Y
Destination-Year FE Y Y Y Y Y Y
R? 0.109 0.003 0.136 0.001 0.197 —0.202
First stage F-statistic 257.42 164.50 20.46

Description: This table presents migration elasticity and skill choice elasticity estimated from
equation and (C.36). p is the inverse of migration elasticity of high-skilled workers. p
is the inverse of migration elasticity of low-skilled workers. p is the skill choice elasticity. 2SLS
specifications use wage in previous period as instruments. Standard errors in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.

Columns (1) - (4) of Table show the parameters estimated form Equation (C.32)).
The 2SLS estimators imply a migration elasticity of pLH = (0.167 and p% = 0.141.

48Similar to Artug et al.| (2010) and (Caliendo et al.| (2019)), we use (1og(w§i1) —log(wf;;_l)) to instrument

ke e
for (IOg(wi,tH) - log(wfmﬂ)).
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Skill Choice Elasticity Using a similar approach, we estimate the skill choice elasticity
of entrants, referred to as those entering the Brazilian matched employer-employee data for
the first time. Equation demonstrates that the share of new workers in a region-sector
choosing to become high-skilled depends on the relative value functions of high-skilled and
low-skilled workers. Equation ((C.36[) enables inverting the value functions and rewriting them
as migration shares, forming our estimation equation. We use lagged wages as instruments
for migration shares.

We estimate the skill-choice elasticity for new workers as follows. Compute the log
difference between the probabilities of becoming a high-skilled versus a low-skilled in region
n-sector s and in region n'-sector s’. Take the log difference between the two region-sectors

and plug in Equation (C.8|):

(log(éi’f%log(éi’f)) (10g<=5‘ft) log(3), L)>

Bt ot ) (C.33)

n/ t+1

s,H s H

With Equation ((C.7)), we can express the value functions as migration shares and migration

costs:

€

s,e s'e IO ss,e s's,e s's,e
Up, t+1 -V n/t4+1 C 6 <10g( nn,t) - 1Og<8n’n,t)> C ﬁ nnt’e € {172} : (C34)

Plug Equation (C.35)) into Equation (C.33)):

(log(s5:4") — 1og(53:6)) — (loa(s71") — log(5771))

1 H / L : 1 1 g

[Q’H (toa(sih) ~1oa(s7) — Z (ot - log<szi;f;>)} ~ (il = ot
(C.35)
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Equation ((C.35)) leads to our estimation equation:

(loa(554") —toa(554) ) — (tog(3:4") — Toa(35:%) )
H L

1 1Y S5 s's 1Y 58 s's ss’
L0 gt~ toa(s) - 2 (ioe(s) —oe(sf5) | e (0

Similar to the estimation of migration elasticities, we use wages in ¢t — 1 as instruments@
The identifying assumption is that past wages are uncorrelated with current migration costs.

Columns (5) - (6) of Table show the parameters estimated form Equation (C.36)).
The 2SLS estimator implies a skill choice elasticity of % = 0.076.

Other Prameters Calibrated Outside the Model Using the Brazilian matched employer-
employee data, we calibrate workers’ exit rates by type. In order to measure exit rates, we
calculate, for an average year, the percentage of each type of workers who leave the labor mar-
ket and never return. We calibrate the input-output coefficients, final consumption shares,

and social insurance tax rates based on the values obtained in |De Souza and Li| (2022).

Table C.3: Parameters Calibrated outside the Model

Parameters Targeted Moments
Variable Var. Name Value Source

e Sectoral trade elasticities 3.7199 (mean) De Souza and Li|(2022)
I Tool capital goods trade elasticity 4.11 Estimated

et Robot capital goods trade elasticity 6.64 Estimated

ot Migration elasticity of high-skilled workers (inverse) 5.99 Estimated

o Migration elasticity of low-skilled workers (inverse) 7.09 Estimated

p Skill choice elasticity (inverse) 13.16 Estimated

¢t Exit rate of high-skilled workers 0.035 Data

¢t Exit rate of low-skilled workers 0.061 Data
5 Input-output coefficient Varies De Souza and Li|(2022)
o Final consumption share Varies De Souza and Li|(2022)
B Social insurance tax rate 10.3%  “Government transfer rate” (“Renda de transferéncias governamentais”) in the IPEA’s database
15 Discount factor 0.96 Numerous

Description: This table presents model parameters that are externally calibrated.

C.4 Estimation

We estimate the remaining parameters using the Simulated Method of Moments (SMM), di-
viding them into two groups: cross-sectional and dynamic moments. We treat the Brazilian
economy in 1997 as the initial steady state (t). The cross-sectional moments govern the econ-
omy’s static aspects, while dynamic moments dictate its response to shocks (change from ¢,

to t1). To estimate parameters governing cross-sectional moments, we target Brazilian trade,

49The instruments are [log(wﬁ’ﬁl) — log(wi’f_l) - (log(wﬁ’tel) —log(wh )]

n7
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employment, and migration in 1997 using the model’s initial steady state. For dynamic mo-
ments, we replicate the empirical analysis in Section |5 using simulated data, searching for
parameters related to production technologies involving robots or tools, namely {5, 0,0,0 }
(elasticity of substitution between robots and tools, elasticity of substitution across firms,
elasticity of substitution between high-skilled workers and the low-skilled-worker-tool bun-
dle, and low-skilled workers’ share in the low-skilled-worker-tool bundle). We use these four
parameters to target four key empirical results — the impact of robot and tools imports on
high-skilled and low-skilled employment — by replicating the IV regression with model sim-
ulated data, reflecting the change from initial to final steady states. In the SMM algorithm,
we minimize the sum of squared differences between data moments and model counterparts,
treating all moments with equal weights.

In particular, we estimate the trade cost-related parameters described in Section
by targeting region-sector imports of robots, tools, and non-capital goods. In order to
estimate migration cost-related parameters, we target migration shares from one region sector
to another. In order to estimate region-sector level productivity, we target the wage and
employment of high-skilled and low-skilled workers by region and sector. To estimate the
fixed cost of becoming a high-skilled worker, we target the annual average share of high-
skilled workers among entrants.

We estimate the four key parameters — {9, 0,0,0 } — governing robot and tool technolo-
gies, which determine the impact of their capital imports on high-skilled and low-skilled
employment. We target coefficients summarizing these effects, as presented in Section [6]

and consider the following regression:m
Alog(15°) = 0% Alog(robots?) + 07¢Alog(tool?) + €5¢,e € {H, L}, (C.37)

where changes from the initial steady state to the final steady state in type-e employment,

robot capital goods imports, and tool capital goods imports are represented by Alog(l5°),

50Tn the empirical counterpart of this regression in Section we included additional controls, such as fixed
effects for regions and sectors, output tariffs, other input tariffs, and pre-period growth. According to the
data, these control variables are necessary because a number of shocks have affected both the labor market
and the import of machinery. Model simulated data, however, do not contain such shocks, so we do not
include additional controls in these regressions.
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Alog(robots?), and Alog(tool?), respectively.

Similar to the Section [} we use the exposures to robot and tool capital goods tariff
changes as instruments for the changes in imports. As a measure of routine task shares in
the model, we use the share of low-skilled workers and tools in region-sector value added in
the initial steady state. Hence, the instruments constructed with model-simulated data are
the following:

Wil Pt L T T

ATVR = —fo o 0l A7 R (C.38)
Y pn,toyn,to

for robots, and

s,L 1s,L s, T s, T
wn7 ln7 _l_ Rn7 Kn7
ATV = (1 — —lete —_mhr Bl jApsT (C.39)
Y pn,toy’n,to

for tools.

We employ the Mathematical Programming with Equilibrium Constraints (MPEC) al-
gorithm (Su and Judd|2012)) to solve the model, incorporating both initial and final steady
states in the constraints. This method enables solving for initial and final steady states,
the variable changes across steady states listed in Equations , , and , and
the IV regression coefficients per Equation . We then compute model moments and

include them in the objective function along with data moments.

C.5 Estimation Results and Model Fit

Table [0] displays the estimated values of the key parameters that govern robot and tool tech-
nologies. Table presents the estimates of other parameters. As anticipated, more distant
regions experience higher domestic trade costs. Upstream and low-skilled sectors also incur
higher trade costs. Regarding import costs, greater distance increases the cost of importing
sectoral goods, robot capital goods, and tool capital goods. Having more ports significantly
reduces import costs. A home bias exists against importing all goods. Migration costs rise
with the distance between regions and the differences in sector upstreamness and skill levels

between origin and destination sectors. Furthermore, becoming high-skilled workers incur a
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fixed cost equivalent to 7.8 years of average high-skilled wages.

Table shows that we precisely match the key empirical moments with the four robot

and tool technology parameters.

Table C.4: Match of Key Moments

Data Moments Model Moments
Variable Var. Name Value Value
oA Elasticity of high-skilled employment to robot import shock  -0.0190 -0.0190
ogTH Elasticity of high-skilled employment to tool import shock 0.0475 0.0477
gr-L Elasticity of low-skilled employment to robot import shock  -0.3590 -0.3590
oL Elasticity of low-skilled employment to tool import shock 0.2270 0.2270

Description: This table presents the model’s performance in matching the key moments: the elasticities
of region-sector level high-skilled and low-skilled employment with respect to the imports of robots and tools.
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Table C.5: Parameters Estimated Inside the Model (Cont’d): Other Parameters

Parameter Para. Name Value Targeted Moments
Production
Decreasing return to scale parameter of robot imvestment goods production 0.0505
Id Decreasing return to scale parameter of tool investment goods production 0.0529 Imports of robots and tools by region and sector
A Region-sector level productivity ‘mean)
i Sector-specific mean (across firms) high-skilled worker productivity mean)
13 Sector-specific mean (across firms) robot productivity ‘mean)
ot Sector-specific standard deviation (across firms) high-skilled worker productivity mean)  Wage and employment of high-skilled and low-skilled workers by region and sector
as Sector-sp standard deviation (across firms) robot productivity mean)
»” Sector-specific correlation (across firms) between high-skilled worker productivity and robot productivity mean)
Trade
Elasticity of domestic composite goods trade cost w.r.t.
1(n’ =n) —1.1094
Contig,., —1.0054
log(Dist to Coast,,) —0.6190
log(Dist to Coast,) —0.1693
N(Ports),, 0.3855
N(Ports), 0.1583
log(Dist,s) 0.5764
Contig,,, log(U*) 0.6008
log(Dist to Coast,,) log(U*) 0.5956
log(Dist to Coast,y) log(U*) 0.0584
N(Ports), log(U*) —0.5528
N(Ports), log(U*)
log(Dist,y, ) log(U*)
log(U*) Region-sector level imports
1(n' = n) log(U*)
1(n’ = n)log(high-skilled labor share®)
Contig,y, log(high-skilled labor share®)
log(Dist to Coast,,) log(high-skilled labor share®)
log(Dist to Coast,,) log(high-skilled labor share®)
N(Ports), log(high-skilled labor share®)
N(Ports), log(high-skilled labor share®) 0.0653
log(high-skilled labor share*) ~2.8436
log(Dist,,) log(high-skilled labor share®)
Elasticity of imported composite goods trade cost w.r.t
log(Dist to Coast,) 0.0313
N(Ports), —0.0271
log(Dist to Coast,,) log(U*) 0.0179
N(Ports), log(U*) 0.00015
log(U*) 0.7177
1(Imported) 3.0806
log(Dist to Coast,,) log(high-skilled labor share®) 0.1406
N(Ports), log(high-skilled labor share®) 0.0028
log(Dist ) log(high-skilled labor share®) 0.2701
log(high-skilled labor share®) —0.8755
Elasficity of imported robot capital goods trade cost w.r.t.
LR log(Dist to Coast,) 0.1272
B2R N(Ports) —0.3827
BER log(Dist to Coast,,) log(U*) 0.0360
guR N(Ports), log(U*) 0.2446
R log(U*) 0.2990 Imports of robot capital by region-sector
BoR 1(Imported) 3.3035
Bk log(Dist to Coast,y) log(high-skilled labor share*) 0.2522
BoR N(Ports), log(high-skilled labor share®) —0.1113
BoR log(high-skilled labor share*) 0.1457
Elasticity of imported tool capital goods trade cost w.r.t.
log(Dist to Coast,) 0.3861
N(Ports), —0.2617
log(Dist to Coast,) log(U*) —0.2514
N(Ports), log(U*) 0.2733
log(U%) 0.6267 Imports of tool capital by region-sector
1(Imported) 2.7747
log(Dist to Coast,) log(high-skilled labor share®) 0.2727
N(Ports), log(high-skilled labor share®) —0.0602
log(high-skilled labor share*) 0.3065
Labor Migration
F7 /mean(w; ™) Tixed cost of becoming high-skilled workers (relative to high-skilled wage) 35181 Share of new workers who are high-skilled
Elasticity of migration cost w.r.t
1(n' =n) ~7.6207
Contig,,, —6.5904
log(Dist,) 2.0054
|log(U*) — log(U*)]| 5.4627
Contig,,,| log(U*) - log(U?)| 6.4620  Share of high-skilled workers moving from one region-sector to another region-sector
log(Dist )| log(U*) — log(U*)| 3.3443  Share of low-skilled workers moving from one region-sector to another region-sector
1(n' = n)|log(U*') — log(U*)| 2.2070

|high-skilled labor share® — high-skilled labor share®
Contig,, [high-skilled labor share” — high-skilled labor share®|
log(Distyv,) lhigh-skilled labor share” — high-skilled labor share®
1(n' = n)|high-skilled labor sharc” — high-skilled labor sharc’|

Description: This table presents the model parameters that are estimated with the SMM method within the model and focuses on the parameters related to production, trade, and migration. We present the key parameters related to robot and
tool technologies in Tabl

C.6 Aggregate Statistics

Changes in employment of type e € {H, L} and total employment equal the following:

N S s,e

dlog(L) = > "> n——— dlog(I55,),

N b
n=1 s=1 Zn:l Zs:l lz,to
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and

Zn 125 1 nto Zn lzs 1 nto

dlog(L) = dlog(L™) + dlog(L").
Zn 12 llnto lnto Zn 12 1lnto lnto
The skill premium at time ¢ equals the following:
s s H
S SH Zn 1 Zs 1w
Skill Premium = e 12 L
ST St S
Average foreign price change for capital | € {R,T}:
IM P3!
Ave Price Chg. for | = Z Z s T (dlog(hn eot) + dlog(ts’l)>
n=1 s=1 n 1 s=1 n

Average tariff for capital [ € {R,T}:

IMPSl
Ave Tariff forl—zz - =7 p—
n=1 s=1 n 12 IMP

The change in workers’” welfare equals the weighted average of workers of both types from

all regions and sectors:

s H s H s H l s,L
dlo Uworker § § n to — Upn to) n to( n t - Un t0>
S) Z ls H s H l
n=1 s=1 n 1 s=1"n to n to n to n to
ls H s H s,H s,H
o 2 : z : n to n,to vn,t - vn,to
o s H s H s,H
n=1 s=1 Zn 1 Zs 1 n to n,to + ln to n to vn,to
l s, L s, L
n to n to Un,t - Un,to

+

s,H s, H s,L
Zn 1 Zs 1 l’rL to n,to ln t() n t() Un,to

The change in national welfare equals the weighted average of workers of both types and

capitalists from all regions and sectors:

N S 5 H (US,H S,H) + 15 ,L ( s,L s, L ) + ( s,Cap,R _ vs,Cap R) + ( s Cap T vs,Cap,T)

dlogunational — $°§° 0 -to “ Unito n,to \Yn,t ~ Yn,to Yn,t n,to n,to
s,H s,H s,Cap,R s Cap,
n=1s=1 Zn 125 1lnt0 nt0+lnt0 nto—"_vnto + Ut

)
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s,Cap,R
",to

defined based on Equation ([17]).

s,Cap, T

and v, ;.

where v denote the welfare (discounted utility) of robot and tool capitalists
According to the income approach, the country’s normal GDP can be calculated by

aggregating the wage bill, rental income, and profits generated by capitalists:
N S
NGDP =373 w3 i i (RyPEG™ = S M7 4 (R KT — ST,
n=1 s=1

The change in real GDP measures the change in quantity while prices remain the same.

Hence:

1
NGDP

N S
SO wpt et dlog(ip™) + wytist dlog(13")

n=1 s=1

+ RYTET dlog(Ky™) — S5 M2 dlog (M)

dlog(GDP) =

+ RYTKT dlog(KyT) — Syt My dlog(MyT).
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C.7 Other Results

Figure C.2: Aggregate Effects of Robot and Tool Import Price Changes

(a) High-skilled Employment (b) Low-skilled Employment (C) High-skilled Population Share
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Description: The figure illustrates the effects of varying robot and tool import prices (80% decrease to 80% increase) on
high/low-skilled employment, high-skilled population share, high/low-skilled welfare, and robot and tool imports, relative to
the initial steady state (1997). Red lines represent simultaneous robot and tool price changes, blue for tool-only changes, and
green for robot-only changes. Uniform price changes across all sectors are considered.

C.8 Effects of Capital Producers’ Productivity Changes

Figure shows that a decrease in productivity for robot producers or an increase in
productivity for tool producers can lead to a rise in aggregate employment. Enhancing the
productivity of tool producers by 60% results in a 0.6% increase in employment, whereas
raising the productivity of robot producers by 60% results in a 0.8% increase in employment.

Simultaneous productivity enhancements for both robot and tool producers, with com-
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Figure C.3: Aggregate Effects of Robot and Tool Capital Producer Productivity

Changes
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Description: The figure illustrates the effects of varying productivity changes of robot and tool capital producers (60% decrease
to 60% increase) on aggregate employment, GDP, workers’ welfare, and skill premium, relative to the initial steady state (1997).
Red lines represent simultaneous robot and tool capital producer productivity changes, blue for tool-only changes, and green
for robot-only changes. Uniform capital producer productivity changes across all regions and sectors are considered.

parable magnitudes, can significantly boost GDP while having small effect on employment
and positive effect on workers’ welfare. Figure shows that an increase in productivity
for either robot or tool producers can lead to a rise in GDP — a 60% increase in productivity
for both robot and tool producers results in a 30% GDP growth. Similar to the employment
effects, workers’” welfare also increases with tool producer’s productivity but decreases with
robot producer’s productivity (Figure . However, the improvement in tool technology
has a much larger positive impact on worker’s welfare compared to the negative effect of

advancements in robot technology. Figure shows that an increase in productivity for
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robot producers or a decrease in productivity for tool producers can significantly increase the

skill premium and inequality. Tool productivity changes can affect the skill premium more

substantially compared to robot productivity changes. We present the effects of productivity

changes for robot and tool capital producers on other aggregate outcomes in Figure [C.4]

Figure C.4: Aggregate Effects of Robot and Tool Capital Producer Productivity

Changes
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Description: The figure illustrates the effects of varying prodfl(c)ti\(/it)y changes of robot and tool capital producers (60% decrease
to 60% increase) on high-skilled /low-skilled employment, high-skilled population share, high-skilled welfare, low-skilled welfare,
robot imports, and tool imports, relative to the initial steady state (1997). Red lines represent simultaneous robot and tool
capital producer productivity changes, blue for tool-only changes, and green for robot-only changes. Uniform capital producer
productivity changes across all regions and sectors are considered.
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(C) High-skilled Population Share
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